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 Access to veterinary care is a complex and wicked social problem.  The problem is 
multidimensional in nature, comprised of a number of barriers ranging from financial to 
cultural to physical.  The Multiple Streams Framework is used to provide a theoretical 
foundation for the analysis. Subsequent chapters identify the problem, politics and policy 
streams surrounding this issue. This research examines the issue of access to care as a spatial 
construct by identifying and analyzing the geographic distribution of the ratios of veterinary 
staff across the United States to the number of households and predicted companion animal 
populations.  It uses spatial statistics to identify regions of low access.  Telemedicine and the 
associated politics and policies are then explored as possible solutions.  This work adds to the 
existing literature through the identification of the counties and regions with low access, by 
establishing benchmark ratios at various percentiles and by providing themes derived from 
human medicine that could be used in veterinary medicine to increase functional access to 
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INTRODUCTION & LITERATURE REVIEW 
Introduction 
   Animal sheltering in general represents a diverse field of study.  The topic at its broadest level 
incorporates many fields including public administration, veterinary medicine, animal behavior, 
sociology and even economics.  Each discipline tends to focus on their own sub topic related to 
animal sheltering and rarely do the fields intersect in any meaningful way in the existing 
literature.  This lack of a multifaceted approach to the field has limited the advancement of deep 
understanding.  The examination of some aspects of sheltering have also been dramatically 
under-researched because of the scarcity of data for analytical review (Rowan, 1992).  The 
literature available for review that is specific to the topic of spatial analysis of surrender patterns 
extremely limited so the review of the major areas of literature will be used to frame the topic.  A 
review of the literature will provide a brief history of the government’s role in animal sheltering 
and outline why animal sheltering should be considered in the context of public administration.  
An explanation of the main performance metric and then a thematic review of the various 
strategies will be used to summarize the bulk of the available literature.  The use of geographic 
information systems (hereafter GIS) is then advanced as a tool to provide insight into the design 
of effective and efficient interventions summarized in the previous sections.  Specifically 
covered is covered in a critical analysis of the three studies that have addressed the application of 
GIS and spatial analysis to animal sheltering.  The review also examines the link between 
euthanasia at shelters and access to veterinary care.  This provides the centering theory for the 
remainder of this research:  that there are spatial disparities in access to veterinary care and that 






 Animal sheltering as a government function that has evolved over the history of the 
United States.  The earliest manifestation of government administered animal control involved 
the capture and impoundment of livestock in the Colonial states (L. Miller, 2007).  The nonprofit 
side of animal sheltering evolved shortly thereafter with the founding of the American Society 
for the Prevention of Cruelty to Animals (hereafter ASPCA).  The ASPCA was founded as the 
first animal welfare organization in the US in 1866 with a mission focused on the welfare of 
horses (L. Miller, 2007).  Since then the role of the animal shelter in communities has expanded 
significantly.  Today, shelters are focused on cats and dogs (hereafter companion animals) but 
some also intake wildlife, exotic animals and livestock.  The numbers of companion animals 
admitted to and subsequently euthanized at shelters across the United States accelerated through 
the seventies and beyond (L. Miller, 2007).  While the situation has improved in recent decades, 
large numbers of companion animals are still euthanized in shelters each year. 
     A number of different shelter-funding models also exist today.  Government administered 
shelters, nonprofit shelters, nonprofits with government contracts and rescues with no physical 
shelter represent the major divisions within the industry (L. Miller, 2007).  According to the 
Humane Society of the United States, municipalities spend approximately 1 billion dollars each 
year for animal sheltering and control activities (Pets by the Numbers, 2015).  When this figure is 
added to the 2.5 billion dollars spent annually by non-profit animal shelters (many with 
municipal service contracts) the shear spending for sheltering and care of stray and abandoned 
animals is significant (Pets by the Numbers, 2015).  The ASPCA estimates that approximately 
6.5 million dogs and cats were surrendered to animal shelters last year and over a quarter of 





adopted from shelters by the public, for example.  A report by the ASPCA found an increase of 
18.5% in the number of adopted pets in the years from 2011-2016 (Bershadker et al., 2017).  
While the industry is sizeable both in terms of dollars spent and animals handled, data collection 
and academic research has been limited when compared to other government services.  A 
contributing factor to the lack of research into animal sheltering has to do with the poor data 
collection to date.  One of the leading data analysists in the animal sheltering world has referred 
to the lack of data and analysis of the industry as a “statistical black hole” (Clancy & Rowan, 
2003; Rowan, 1992).   
 Over time, there have been attempts to create a single authoritative collection of 
sheltering data but to date, none have achieved the success needed to get a full picture of 
sheltering in the US.  The current initiative that has achieved the most progress is Shelters 
Animals Count (hereafter SAC).  SAC is a national database that relies on the voluntary 
participation by shelters and animal rescues to upload monthly sheltering summary statistics.  
Unfortunately, there is still relatively poor participation in the database project.  For example, 
reporting in 2020 indicates participation by only 422 municipal shelters, 359 private shelters and 
516 rescues (Shelter Animals Count - The National Database Project, 2020).  This can be 
contrasted with a 2014 estimate by the Humane Society of the United States of 3,500 municipal 
and nonprofit shelters and over 10,000 rescue organizations (Pets by the Numbers, 2015).  
Despite the move toward increasing transparency in government, a very small handful of states 
require reporting to the state government including Michigan and North Carolina.  The result of 
this paucity of data provides a significant challenge to researches and policymakers in truly 






Framing the Issue:  A Public Problem 
     In the past ten years, a growing number of large, national humane organizations have been 
calling for a focus on the reporting of data to monitor shelter performance.  The biggest move 
has been a focus on the live release rate.  The adoption of the live release rate as a standard 
metric can be traced back to the Asilomar Accords.  In 2004 a diverse group of leaders from 
across animal sheltering came together to discuss how best to measure progress and report 
consistent data measures across the nation during a time of conflicting priorities and tense 
disagreements.  The result was a set of accords that codified specific metrics and the 
methodology to consistent measure and report the metrics.  Live release rate is one of the 
standard, and most frequently cited, measures that was formalized through the accords 
(2004aaccords5.Pdf, 2004). 
This measure was further codified as a benchmark for municipal organizations and received 
mention in the seminal text on municipal benchmarking (Ammons, 2012) and again in the 
updated book by the same author on local government performance measurement (Ammons, 
2020).  The objective of measures such as this are to quantify the ratio between the number of 
animals surrendered to a shelter to the number that experience any non-fatal outcome (Scarlett et 
al., 2017).  Non live outcomes include in shelter euthanasia, death at the facility or owner-
requested euthanasia while live outcomes can include return-to-field, return-to-owner, adoption 
or transfer to another facility or rescue (Sac_basicdatamatrix.Pdf, n.d.). 
     Euthanasia of animals that are not suffering from life-terminating disease/injury is the goal of 
improvements to live release rates.  The practice of euthanasia can be considered as an interest in 
the field to public administration for a number of different reasons.  The first is the political 





contract (Smith, 2012).  As participants in the social contract, Smith (2012) advances the 
argument that the welfare of companion animals is an obligation of the government.  An 
alternative theoretical orientation recognizes that animals have their own interests which therefor 
situates them as in need of representation within the polis (Varner, 2002) or as sentient beings 
with attendant rights attributed to them for life, freedom and welfare (Donaldson & Kymlicka, 
2013).  Euthanasia may be seen as infringing on the rights and welfare interests of companion 
animals (Sloan, 2016). 
     While rights based arguments are one approach, a second argument for positioning animal 
sheltering issues in the context of public administration is the impact that euthanasia can have on 
public employees.   The challenge of being both a caretaker to animals and actively ending the 
lives of the same animals can place these individuals in a painfully paradoxical situation (Reeve 
et al., 2005).  There has also emerged a correlation between the live release rate and the 
occupational stress impact on shelter employees (Andrukonis & Protopopova, 2020).  Live 
release then becomes important from both the nonhuman animal and human perspective.  This is 
likely due to the negative psychological consequences of euthanasia which has been observed 
and researched among the professional veterinary community where it has been shown to 
contribute to depression and risk of suicide (Bartram & Baldwin, 2008, 2010).  While these 
studies are limited to licensed veterinarians it is reasonable to assume similar negative 
consequences to anyone performing this task.  This all situates the reduction of euthanasia as a 
concern of public health and thus the government. 
     While the theoretical justification may differ, there is generally wide spread public support for 
policies that are aimed at reducing euthanasia in shelters (J. B. Sinski & Gagné, 2016).  





animals as an extension of family unit (McConnell et al., 2019).  The notion of the public interest 
is not enough evidence.  An article appearing in the Review of Public Administration identified 
the high euthanasia numbers in the City of Detroit as a gap in government service with the 
nonprofit community stepping in to bridge that gap (Reese & Ye, 2017).  In the introduction to 
this article, Reese & Ye (2017) advance issues in animal sheltering as an “emerging urban policy 
issue” (p503).  While this research is focused on the development of collaborative networked 
response to a government failure, it also serves as an exemplar of animal sheltering sitting 
squarely in the context of public policy.  Both the widespread public interest in euthanasia 
reduction identified by McConnell et al. (2019) and the collaborative network analysis of Reese 
& Ye (2017) position the objective of reduction of euthanasia in animal shelters as of direct 
relevance to the field of public administration.  A scoping review of the literature surrounding 
companion animal population dynamics indicated multiple sectors with interest in this broader 
category of research which broadens the relevance to included stakeholders such as welfare 
professionals, public health professionals and society at large (Kay et al., 2017).   
Strategies to Improve Live Release 
     Out of this diverse group of stakeholders has emerged a variety of strategic approaches aimed 
at the reduction of shelter euthanasia.  Some of these strategies are controversial yet this type of 
work is what composes the bulk of the literature around animal sheltering.  Further, many of 
these strategies could benefit from spatial insight to facilitate a more efficient and effective use 







Intake reduction & alternative outcomes 
     One strategy that has been identified as a best practice in improving live release rates is the 
reduction of the number of animals admitted to the shelter (Marsh & Clarence J. Marshall 
Memorial Library Fund, 2012; Turner et al., 2012).  Targeted trap, neuter and return (hereafter 
TNR) programs have been used successfully in past studies to accomplish this objective 
particularly when applied to free-roaming felines (Cho et al., 2020; Johnson & Cicirelli, 2014a; 
Lohr et al., 2013; D. D. Spehar & Wolf, 2019). 
     Return to field (hereafter RTF) is another iteration of a similar approach based on the idea 
that the majority of cats are more likely to be found/find their way home if not held in the shelter 
awaiting an owner to located them (Lord et al., 2007).  In the RTF framework, stray cats are 
fixed and returned to their place of origin instead of being held at the shelter.  The fundamental 
difference between RTF and TNR relies on the designation of a cat as feral or socialized.  One 
flaw in this approach is the recognized difficulty of assessing cat temperament in the shelter 
setting with no single reliable method of making this somewhat indistinct distinction (Slater et 
al., 2010).  For example, Slater et al. (2010) found that only 15% of responding facilities had 
written policies for evaluating feline temperament to determine feral vs domestic which could 
lead to the euthanasia of non-feral cats.   
     While RTF and TNR are alternative outcome methods for cats, other methods have evolved 
focused on dog outcomes.  For example, the transport of animals out of shelters with lower 
adoption rates to regions of the country with lower shelter populations is one strategy (Simmons 
& Hoffman, 2016).  Platforms such as Doobert, which serves to coordinate transfers across the 





some detractors.  For example, there is concern with this redistribution including the potential 
spread of heartworm disease (Drake & Parrish, 2019). 
     Spatial clustering of cats surrendered to shelters may help in targeting community programs 
such as RTF and TNR by identifying active cat colonies.  In this way, it can assist in creating 
targeted programs that are cost effective.  Further, sources of dogs that are either heartworm 
positive, or have other transmissible disease, may allow for an identification of dogs in need of 
treatment prior to relocation via transport, reducing the arguments against this life saving 
initiative. 
Veterinary view 
     The field of veterinary medicine specific to animal shelters is relatively new and got its start 
with the UC Davis veterinary school program (15 Years, n.d.).  Once the field was identified, 
great amounts of literature were generated which is concentrated in the journals of veterinary 
science.  The main concern of this field of study is to prevent, eliminate and control the complex 
environment of contagious pathogens that can wreak havoc in the confined spaces of the animal 
shelter (Johnson & Cicirelli, 2014b; NCDA&CS Veterinary Division Animal Welfare Section, 
n.d.; Priestnall et al., 2014).  This literature can have relevance to the overall companion animal 
population system in a community because of the reduction of euthanasia associated with 
nosocomial infections.  Reduced illness within the shelter environment reduces the number of 
animals euthanized for these conditions and puts increased pressure on the community to absorb 
the homeless animal population (Litster & Benjanirut, 2014; Pesavento & Murphy, 2014). 
     Behavioral studies within the field of animal sheltering tend to fall into one of two categories.  





et al., 2014; M. Carolyn Gates et al., 2018; Svatava Vitulová et al., 2018).  The second category 
concerns the behaviors of animal owners that lead to animal surrender to the shelter (Digiacomo 
et al., 1998; Rauktis et al., 2017; Zito et al., 2018).  The overarching goal of this research is quite 
similar to that of the veterinary medicine approach in that it seeks to reduce euthanasia of 
animals.  The two fields do have some diversion in the way the end goal impacts the population 
system.  The idea that modification of behaviors prior to surrender can prevent animals from 
entering the shelter system in the first place (Digiacomo et al., 1998; Zito et al., 2018)  can 
reduce the number of animals ever entering into the population system.  Ensuring that animals 
are well prepared for proper behavior post adoption can reduce the number of animals that re-
enter the shelter system (Cafazzo et al., 2014; M. Carolyn Gates et al., 2018; Svatava Vitulová et 
al., 2018).  While being difficult to quantify, these programs can have an impact on the 
population system as far as they can impact the number of animals entering the shelters and 
improve rates of adoption.  The larger animal population system in the community, however, 
must still be taken into account.  If it is assumed that every animal in the community is 
occupying one of the finite number of homes for companion animals in a given region, then all 
of the research reviewed thus far shows direct relevance to the question of the population system. 
     While less evident in how spatial data can provide insight into the practice of shelter 
veterinary medicine it is still possible for an argument to be advanced.  For example, if an area 
were identified as yielding high intakes of animals with transmissible disease, preemptive 
intervention at the time of surrender, or pre-surrender, could possible prevent nosocomial spread. 
Economic intervention 
     The field of economics has also yielded some interesting insights into the larger context of 





tend to rely heavily on assumptions to model the population and to provide a tool for assessing 
economic methods of addressing the animal overpopulation problem (such as taxes, subsidies, 
government sponsorship of spay/neuter programs etc.) (Coate & Knight, 2010; Frank, 2004; 
Oyer, 2014).  While the models can provide insight, the data that underlies the assumptions has, 
so far, been insufficient for the authors to conclude any great degree of confidence in the 
robustness of their predictions (Coate & Knight, 2010; Frank, 2004).  The research is valuable, 
however, for lending support theory to the idea that companion animal population issues can be 
modeled in meaningful ways. 
     There have been a few articles that tackle the issue from the community-wide perspective.  
The main studies are those that survey the impact of spay/neuter programs, trap/neuter/return 
programs and return to field programs in the community on animal shelter intakes (Johnson & 
Cicirelli, 2014; Morris & Gies, 2014; D. Spehar & Wolf, 2018).  These studies support the idea 
that action taken in a community, or at one shelter, have the ability to impact intake numbers at 
other regional facilities.  Another study works to design a population model similar in theory to 
those in the economics literature but by using tools adopted from the science of population 
modeling in the ecology fields instead of the economic viewpoint (Patronek et al., 1997).  These 
studies, when combined with the powerful tools of the econometric research mentioned in the 
previous paragraph begin to combine to lay a framework for the analysis of the animal shelter in 
the context of the community population.  The power of this type of tool allows for the public 
policy maker to begin to grasp the complex dynamics that will determine cost, efficacy and 
return on investment that must underlie policy decisions. 
     The final, and most relevant work that exists on the examination of the community population 





the conference circuit.  Roger Haston, former Director of Research for PetSmart charities has 
derived a population model that he shares during lectures at academic and professional 
conferences.  Haston calls out some major questions that will be faced by the animal sheltering.  
The modeling uses stochastic methods to predict the impact of various best practices of animal 
sheltering over time on community populations and shelter populations (Society of Animal 
Welfare Administrators, 2015).  His models are based on small amounts of data and seek to 
essentially ask the question:  what if we are successful?  The tool predicts the composition of 
shelter animals (by standards of adoptability), expense, shelter population numbers and 
adoption/euthanasia rates.  In sum, his predictions indicate that limited admissions practices 
(among other best practices) will result in increased surrender of less adoptable animals at the 
community level.  When the models are run over an extended time period, the result is municipal 
open admission shelters are left with a heterogeneous population of highly unadoptable animals 
forcing them to either euthanize an increasing number of animals or become “warehouses” for 
unwanted pets (Society of Animal Welfare Administrators, 2015).   
Legislating lifesaving. 
 Another strategy that has emerged in the literature in a few cases takes the form of 
legislated lifesaving.  In October of 2017 the California Governor Jerry Brown signed the Pet 
Rescue and Adoption Act…legislation that requires pet stores to only sell animals acquired from 
nonprofit rescues or animal shelters in lieu of the norm of breeder or puppy mill animals found in 
pet stores across the country (OCR, 2017).  This is an example of a regulated market economy 






     Another study that advanced the intervention of government in the shelter environment 
proposed the use of economic policies to incentivize specific public behaviors.  The economic 
model proposed included two policy tools:  a tax of the ownership of younger animals as well as 
a government subsidy for sterilization (Coate, 2009).  The results of the model predicted a 
reduction in the supply of young animals and an increase in the demand for older animals.  Coate 
(2009) identifies two key policy tools: taxes on the ownership of young animals and spaying 
subsidies.  He argues that taxes remedy inefficiencies resulting from the euthanization of 
relinquished old pets by shifting demand from young to old animals (Coate, 2009).  
     Another policy-based approach is tied less to the goal of increasing adoption or reducing 
intakes and is instead focused on the safety of community members.  These policies are known 
broadly as breed-specific legislation.  Breed specific legislation targets certain breeds of dogs 
commonly thought to be more aggressive and more likely to induce great injury or death from 
those bites and most frequently targets pit-bull and pit-bull type dogs (Burstein, 2004; Collier, 
2006; Grey, 2002). 
     While these are examples of legislated lifesaving there is limited research into the impacts of 
local legislation in the form of ordinances at the local level, despite much of that policy that 
drives outcomes being local in nature.  Stray hold times, feral cat policy and breed specific 
legislation are all local policies that can have a direct effect on the population of animals in a 
shelter at any given time.  If spatial clustering is found in shelter data, this could assist 







Access to Care 
Market failure implies that a good or service may be provisioned by a different sector if they 
current sector has failed in some way.  Failure can include an inability to produce the good at the 
level demanded (private sector failure), an inability to provide enough philanthropic funds or 
volunteer hours to meet demand (nonprofit sector failure) or a lack of trust from the public in the 
value of the service provided for the current cost (Powell & Steinberg, 2006).  In the past decade, 
costs for veterinary care have been outpacing even the rapidly increasing human health care costs 
(Einav et al., 2017).  The average American spends 47% more on equivalent veterinary care 
today than a decade ago (Udell, 2014).  The functional impact of this increasing cost is that 
fewer people are seeking care for their pets (Daneshvary & Schwer, 1993) resulting in what is 
considered the greatest current threat to companion animal welfare in the US (Avcc-report.pdf, 
2018).  This demand elasticity can be seen as an indicator of a market failure.   
The issue is also not limited to low income individuals.  Researchers have found similar 
economic to barriers to care existing at poverty, low income and mid income levels (Avcc-
Report.Pdf, n.d.-b) and across racial and ethnic groups (Decker Sparks et al., 2018; Parker-Pope, 
2010). Additionally, barriers to affordability of care are reported in urban regions as well as 
remote, rural regions where care centers are sometimes not available at all (Boissonneault & 
Epp, 2018). 
 There are numerous benefits to increased access to veterinary care.  For example, it has 
been shown that there are significant health benefits to humans from having companion animals 
in their lives both physical and psychosocial (Antonacopoulos & Pychyl, 2010; Cherniack & 





access veterinary care, owners may be forced to rehome or euthanize them, or avoid attaining a 
pet in the first place and thus losing out on the benefits of having a pet (Avcc-Report.Pdf, 2018). 
Companion animal medicine is an evolving industry.  Recent years have seen a shift from the 
small, individual practice veterinary clinic to larger, consolidated practices.    This has the 
potential effect of furthering the spatial disparities in A2C if it reduces the spatial distribution of 
clinics from disperse, single-practice clinics to larger, single-site facilities.  For example, the 
AVMA reports that the number of practices that employ 10 more people has “sharply increased 
during the period 2010-2016 (2018-Econ-Rpt3-Veterinary-Services.Pdf, n.d., p. 7).  Contrasting 
with this is the decline in individual proprietorships.  During the period from 2010 to 2013, 
individual proprietorships decreased by 11 percent and an additional 12 percent decline was 
observed during the period of 2013 to 2016 (2018-Econ-Rpt3-Veterinary-Services.Pdf, n.d.).  
 None of the research to date has addressed the question of whether distance from 
veterinary caregivers may lead to an increased surrender of animals to shelters.  Instead, the 
AVCC (2018) report identifies the most common barriers to veterinary care as self-reported 
through a survey.  Distance to the vet clinic, veterinary care cost and transportation in general all 
emerged as significant barriers (Avcc-Report.Pdf, 2018).  Distance to the vet clinic, veterinary 
care cost and transportation in general all emerged as significant barriers (Avcc-Report.Pdf, n.d.).  
Each one of these identified obstacles are influenced by the spatial distribution of veterinary 
clinics and their staff.  This research will explore Access to Care from a spatial point of view in 








     Regardless of the strategy employed, a solid understanding of the dynamics of the community 
issues may assist in creating more targeted, effective and efficient interventions.  Shelters meet 
the defining trait of the dynamic system in that it continuously influences and changes its 
environment and at the same time is being influenced and/or changed by its own environment 
(Systems-Theory.Pdf, n.d.).  Understanding sheltering dynamics is also of importance as the 
public and policy makers evaluate policies, measure performance and set budgets for an agency 
(Scarlett et al., 2017).   Using spatial analysis to identify potential gaps in veterinary service 
provision could point to a vulnerability in the system dynamic that could be mitigated through 
legislative changes. 
  Geographic Information Systems (hereafter GIS) are becoming an increasingly popular 
tool in public administration as evidenced by the call for providing more training for public 
administration students in this technology (Obermeyer et al., 2016) as well as the series of 
articles discussing application of GIS to public administrative questions (van de Donk & Taylor, 
2000).   GIS can be used to spatially examine data and can be used to identify spatial clusters in 
the data (Tony H. Grubesic et al., 2014).  Despite the potential of GIS in sheltering, it has been 
used to generate insight into the issues of animal sheltering in only three studies to date.   
 The first study was a retrospective analysis of whether or not there were statistically 
significant spatial clusters of owner-surrendered kittens being surrendered to one shelter over a 
three-year period (Reading et al., 2014).  This study is beneficial as an initial exploration of the 
use of GIS in the shelter environment but there are a few limitations to this work.  In this case, 
the researchers analyzed data from a single shelter over a three-year window of time.  The data 





demographic data was overlaid due to the limitations in the spatial level of analysis and the 
mapping was limited to owned animals only (stray animals were eliminated from the set based 
on issues with the data available) (Reading et al., 2014).  Further, the only animal types 
examined for spatial patterns were young kittens (Reading et al., 2014). 
Geographically informed insights into how strategic interventions may be operationalized at the 
community level to limit the number of  less adoptable animals may improve outcomes for 
individual animals and for the shelter operation at large (G. S. Miller et al., 2014).  The work of 
Miller et al. (2014) expands the scope of Reading et al. (2014) to include cats more broadly as 
well as Pit Bull type dogs and includes data from a handful of shelters associated with one 
system.  This is an important advancement given the idea that there are categories of dogs that 
are more difficult to adopt out (J. Sinski et al., 2016).  Another aspect elucidated by Miller et al 
(2014) is the proof of concept that spatial insights can help shelters implement programs in a 
targeted and cost effective manner.  Again this study was limited to a single shelter in a single 
community. 
 A third and more recent study advances the use of GIS to understand surrender clusters in 
the broader community context.  This research builds mainly on the work of Reading et al (2014) 
by combining a common human welfare indicator with spatial patterns in at-risk dog populations 
(Dyer & Milot, 2019).  Adding this element to the analysis is beneficial in that it recognizes and 
establishes the link between human welfare and animal welfare – which adds to the argument for 
considering animal welfare when evaluating community outcomes. 
 Consistently absent from each of these GIS based studies are inclusion of other domestic 
animals that also face euthanasia in the shelter environment.  For example, rabbits are the third 





not take into account the potential systems questions since they are limited to patterns emerging 
using the data from a single shelter (or a small group of shelters in only one study) as opposed to 
all shelters within a community or region.  Considering the larger community was identified as a 
key strategic approach in the understanding of cat populations, for example (Flockhart & Coe, 
2018).  Third, the studies are all limited in scope making it difficult to generalize their findings.  
For example, would the correlation between SVI and dog health or the spatial clustering of 
kittens emerge as statistically significant in shelters in other region of the US, in shelters of 
various sizes or in different socio-economic areas.  Individually, these insights are valuable but 
further research is needed that broadens the scope to include a greater number and variety of 
organizations and communities.  This lack of scope also applies to the types of animals examined 
in the studies.  The previous research has focused on dogs with severe health/behavioral issues, 
pit-bull type dogs and kittens.  Yet each of these populations were part of their own study with 
no work incorporating the breadth of life stage or condition of the animals.  This may lead to an 
exclusion of insight into patterns more broadly.  The absence of adult cats in any of the study is 
of particular note given the fact that cats tend to form colonies (Cho et al., 2020). 
 An examination of spatial patterns across the main species, breeds and age-groups would 
also broaden the understanding of the community dynamics.  Further, research that bridges the 
gap between the individual components of these research designs into an integrated, holistic 
analytic study would add value to the understanding of the applicability of GIS to animal 
sheltering. 
 Lastly, none of the existing research contextualizes the action results of the research 
being advanced in a critical animal theoretical light.  The body of research reviewed here 





intakes through targeted interventions.  Yet, the research does not address the question of what 
interventions are acceptable.  Considering cats or pit-bull and pit-bull type dogs it is possible that 
GIS could be used to design large scale round-up and euthanize programs.  The addition of a 
Critical Animal Theoretical lens could add an action-orientation to the body of research. 
No artifacts were found in the literature that discuss the use of GIS to identify or evaluate issues 
around access to veterinary care. 
Why Now? 
     The current COVID-19 pandemic has created unique challenges and opportunities for animal 
welfare that make this research relevant in the current environment.  Shelters across the country 
have seen significant reductions in the numbers of surrendered animals since the onset of the 
COVID-19 lockdowns (Shelter Animals Count - The National Database Project, 2020).  While 
this has been celebrated broadly, there remains a concern that there will be a sharp increase in 
animal surrenders as society reopens. 
     A parallel concern emerging in the pandemic landscape is the fiscal impact on state and local 
government.  Research predicts substantial impacts to local budgets due to the lower sales tax 
levels generated during the lockdown period (McDonald & Larson, 2020).  For shelters that are 
funded directly by City and County government this could result in financial cutbacks during this 
uncertain time.  Broader economic impacts, as seen during the 2008 financial crisis, will also 
likely effect the economy at large (Tampa_Bay_Economy_Spring2020_Final.Pdf, n.d.).  This 
economic pressure could have two subsequent impacts.  The first would be a possible further 





and less financial resources in the hands of companion animal guardians to spend on veterinary 
care. 
     A third impact of the COVID-19 pandemic is the resulting unemployment that has swept the 
United States.  A report from the Institute for research on Labor and Unemployment argues that 
the pandemic has resulted in short-term, substantial increases in unemployment claims and the 
unemployment rates are likely to remind elevated beyond the initial shut-down period (Baek et 
al., 2020).  Added financial pressure may be and additional contributing factor to potential 
increases in shelter animals surrendered to shelters due to lack of funds for veterinary care or 
more animals suffering due to lack of care.   
Conclusion 
     Several important themes emerge from a review of the literature on the topic of animal 
sheltering.  First is the situating of questions of animal welfare within the field of public 
administration.  Whether supported through the evidence of the link between human and 
nonhuman animal health or through a social contract argument the issue can be examined in the 
context of public administration.  There also exists an economic interest by government due to 
the amount of spending associated with the housing, care and disposition of animals that end up 
at shelters.  While it has not been explored broadly within the academe of public affairs its 
relevance has been codified by a few key contributions to leading journals.  Geospatial 
approaches to animal sheltering were also covered. 
 A second finding is that veterinary care is an evolving industry with concerns emerging 
that increasing costs may be reducing access to care and putting further pressure on government 





advanced as a multi-faceted problem but one that may require policy intervention due to market 
failure. 
 The remainder of this research explores the gap in knowledge about the spatial disparities 
in access to care.  The work considers the problems, policies and politics streams.  The next 
chapter will explore the theoretical framework through which this issue will be examined.  It 
advances the Multiple Streams Framework to analyze the issue.  Chapters 3 & 4 both examine 
patterns in the spatial distribution of veterinary clinics and their staff in the United States.  This 
distribution is evaluated first in relation to the number of households and second in relation to the 
estimated companion animal population.  The key findings in these two chapters identify spatial 
groupings of counties across the US with low access to care.  Further, these two chapters provide 
benchmark values in provider to household count and provider to companion animal population.  
This is a critical piece of information for future research that has not been addressed in any of the 
existing literature.  Chapter 5 identifies policy alternatives that can be used to address the 
problems identified.  Specifically, it completes a thematic content analysis to evidence policy 
alternatives in the human medicine field that can be applied to veterinary medicine. Lastly 











 Kingdon’s multiple stream framework has been widely applied in the field of policy 
analysis (Béland & Howlett, 2016).  One of the strengths of this framework in the A2C lens is its 
ability to highlight the policy alternatives that exist for complex problems (Ray, 2020).  The 
framework envisions the policy process as consistent of three metaphorical streams which 
operate independently of each other until a centering event provides an opportunity to bring the 
three streams together and resulting in policy formation (Kindgdon, 2003).  While there have 
been attempts to expand or modify the MSF the original three streams remain constant even 
across these works (Howlett et al., 2015; Hsueh, 2020).  Recently, MSF was used as a 
framework to analyze telehealth policy as an access to care solution in the human health policy 
arena (Giese, 2020).  Expanding on that research, the MSF will be applied to the A2C issue in 
veterinary care using the same policy field of telehealth. 
Background 
 The terms telehealth and telemedicine may occasionally be used interchangeably but 
there is a clear distinction that is important to draw as the issue is explored from a policy point of 
view.  The AVMA provides complete definitions for a full set of terms that are used and the 
main ones are elaborated herein.  First is telehealth.  Telehealth is the most broad term that 
describes the use of remote technology to provide advice, information or care (Veterinary 
Telehealth, n.d.).  The second term of relevance is telemedicine.  Telemedicine is essentially the 





the practitioner (Veterinary Telehealth, n.d.).  Telemedicine is then a specific subset of telehealth 
(which includes other domains such as teleadvice) and is the focus on this application of the 
MSF.   
 Telemedicine has been advanced as one solution to access to care in the human health 
field.  A scoping review of the recent literature on telemedicine returned strong evidence across 
multiple studies that it both reduces costs and addresses place-based disparities (Shafiee Hanjani 
et al., 2020).  Given the similarities in health care provision in the veterinary industry, 
telemedicine may be positioned to have similar impacts to that field.  Yet a recent study found 
that adoption of telemedicine by the veterinary community is quite limited in scope and scale 
(Watson et al., 2019).  The main barrier to the implementation of telemedicine the veterinary 
medicine are the legalities of establishing a Veterinary Client Patient Relationship (hereafter 
VCPR (Cima, 2017).  The VCRP is the foundation of care and a requirement before a 
veterinarian is able to offer any diagnosis, treatment or individualized care (Cima, 2017).  Most 
states do not allow the formation of a VCPR through technologies despite research indicating 
that a collaborative and quality relationship can be formed through this method (Roca & 
McCarthy, 2019). 
The Open Window 
 Kingdon theorizes that a centering event is necessary to bring together policy problems, 
policy solutions and politics in order to bring an issue on to the agenda of policymakers and that 
crisis can serve that function (Kingdon, 2003).  In the case of A2C the global pandemic of 2020 
is envisioned to be the window of opportunity.  In early 2020 a global pandemic was declared by 
the World Health Organization as an uncontrolled virus rapidly spread across the world 





Declaring a National Emergency Concerning the Novel Coronavirus Disease (COVID-19) 
Outbreak, n.d.).   
 The impact of the pandemic was far reaching and several public health orders had the 
effect of limiting access to medical and veterinary care during the crisis.  The result is three-fold.  
First, the pandemic serves to draw attention to the issue of A2C (Mattson, 2020b).  Second, the 
pandemic is described as a transforming event (Fishman, 2020).  Third, the pandemic has 
normalized the use of remote technologies across a variety of workplaces (Roe, 2020).  These 
three factors combine with fact that the pandemic has already been advanced as a window opener 
for policies around the practice of telemedicine in the human health care field (Giese, 2020).  
Since the veterinary care field is facing many of the same challenges in delivering care during 
the pandemic as human health care providers are, there is a clear argument that the pandemic can 
serve as the open window for agenda setting based simply on application of the MSF to human 
health care.  When these are added to the attention drawn to A2C issues, the increasing 
acceptance of remote technologies and the transformative effects of the pandemic, a clear policy 
window exists. 
The Problem Stream 
 Applying the MSF requires identifying the presence of each of the three streams as well 
as a centering event or window (Kingdon, 2003).  The literature review in Chapter 1 identified 
A2C as a public problem – the first criteria for establishing a problem stream under the MSF 
(Béland & Howlett, 2016).  If it is then accepted that A2C is a public problem with the potential 
need for government intervention, then the next step is to identify the specific problem stream.  
In this case, the question of the problem stream is considered within the context of the spatial 





 In this research, veterinary care deserts are conceptualized as geographically contiguous 
areas of statistically significant lower densities of veterinary clinic staff.  Broadly, the analytical 
concepts used in this study examine the added barrier effect of clustering in low density counties.  
There are a number of geospatial statistics that can be used with the goal of examining for 
patterns of spatial autocorrelation – spatial groupings of like values and the comparison of the 
neighborhood and individual polygon attribute value to that of the study area and other 
neighborhoods.  The underlying concept is the potential for contiguous areas of low density 
counties to compound access to care issues and define the veterinary care desert.   
  Examining the US for the presence, scope and scale of veterinary care deserts is the 
focus of Chapters 3 & 4 and serve to identify the problem stream in A2C.  The problem of 
veterinary care deserts is that, as discussed in Chapter 1, they may increase costs and reduce 
physical access to care resulting in suffering of animals, human caregivers and possibly result in 
increased burden on government if the animals are surrendered to municipal animal shelters. 
The Politics Stream 
 The politics stream can be seen to exist when policymakers are paying attention to an 
issue based on a centering event or changes in the national mood (Cairney & Jones, 2016).  
There is direct evidence of a politics stream in VCPR and telemedicine.  The federal government 
regulate some aspects of veterinary care as it relates to VCPR’s through the FDA’s rules 
governing the off label use of medications and Feed Directive Drugs.  Specifically, the FDA 
requires a physical examination or recent visit to the premises where the animals are kept to meet 
the minimum expectation to establish a VCPR in order to prescribe the previously mentioned 
medications (see 21 CFR part 530 and 21 CFR 558.6).  This effectively prohibits the use of 





is widely applied in veterinary medicine).  In March of 2020, in response to the pandemic, the 
FDA temporarily suspended this requirement out of recognition of the important role of 
telemedicine in animal health during the pandemic (Guidance Documents Related to 
Coronavirus Disease 2019 (COVID-19); Availability, 2020).  This removed, albeit temporarily, a 
huge hurdle for telemedicine in the veterinary context.  The effect of the political shift was to 
push the question to the states:  with the change in federal guidance, would the state veterinary 
medical board change their position on the establishment of a VCPR via telemedicine?  
Wisconsin, as one example, declined to immediately shift their position on the issue, keeping 
VCPR’s limited to traditional in-person context but did choose to create a task force to further 
explore the policy issue (20201021VEBAgenda.Pdf, 2020)  
 A politics stream can further be identified by advocacy by interest groups (Béland & 
Howlett, 2016).  The formation and research efforts by the Access to Veterinary Care Coalition 
(hereafter AVCC) evidences a coordinated effort in the animal welfare industry to advocate for 
systems change in A2C.  In fact, this group has identified A2C as the top issue for animal 
welfare (Avcc-Report.Pdf, 2018).  The existence of collaborative action groups, such as the 
AVCC, and the involvement of several large national nonprofits in the A2C space provide 
justification for the existence of a political desire to address the A2C issue by interest groups.  
The response by the FDA to the pandemic, with a temporary policy change, provides additional 
acknowledgement of a problem by the government.  While the federal government interest may 
be limited to the pandemic period, it none-the-less serves to place the discussion on the agenda 







The Policy Stream 
 The policy stream can be conceptualized as the flow of policy alternatives and strategies 
that may be considered in order to resolve a policy problem (Kingdon, 2003).  These alternatives 
could be living in the minds of policy entrepreneurs or in existing comparative policy 
alternatives (Cairney & Jones, 2016).  Chapter 5 explores the question of whether or not a policy 
stream can be identified in veterinary A2C.  Specifically, the policies surrounding the 
establishment of a VCPR are explored.  This approach diverges from the proposed policy stream 
identified in human health telemedicine.  That article argued that there was limited time for a 
policy stream to emerge because of the rapidity with which the pandemic forced a pivot to 
telemedicine in human health (Giese, 2020).  Instead, a more traditional approach to identifying 
a policy stream is employed by reviewing the existing pool of policy alternatives between the 
states.  As will be discussed further in Chapter 5, the policy alternatives of human health 
telemedicine are explored as there is an identified lack of alternatives formalized legislatively on 
the veterinary health side of the issues. 
Conclusion 
 The pandemic of 2020 is a major event which may serve as a window for a number of 
health care related issues and others.  It is the type of crisis that Kingdon envisioned as a window 
of opportunity bringing together the politics stream, policy stream and problem stream resulting 
in policy adoption.  In the case of A2C in veterinary medicine, there were several drivers for 
considering the pandemic as a window of opportunity.  The first was evidence already advanced 
for the conceptualization of the pandemic as a window opening event in the human health 





remote technology to access a number of services and the attention drawn to A2C by the 
pandemic itself. 
 The politics stream was also identified through two routes.  The first was the temporary 
policy changes in prescribing off-label medications in veterinary care put forth by the FDA.  The 
second was the fact that state veterinary medical boards were forming committees to explore the 
VCPR rules in response to the attention drawn to this issue by the FDA policy change.  These 
two factors clearly identified a politics stream to support the application of the MSF to veterinary 
A2C. 
 The veterinary A2C issue was explored in the previous Chapter which established it as a 
public problem.  The remaining portion of the MSF then require the identification of the final 
two streams, the problem stream and the policy stream.  The identification of these streams make 
up the remainder of this research.  The next two chapters will attempt to identify and quantify the 
problem stream by using geostatistical methods to evaluate the presence, scope and scale of 
veterinary care deserts.  Chapter 5 will then explore the policy stream by examining state 
legislation in the human health equivalent of the VCPR in telemedicine.  Once complete, the 







CHAPTER 3:  
PROBLEM STREAM PART ONE 
Introduction 
 This chapter explores the A2C issue through a spatial perspective in order to establish 
whether there is an evident problem stream.  It requires first clarifying the problem and how the 
problem will be defined for purposes of this research.  At the highest level, the questions 
addressed here include: 1) What is the density of veterinary clinic staff across counties in the 
United States?  And 2) Do areas of significantly lower or higher densities of veterinary clinic 
staff cluster in contiguous areas?  
 HotSpot Analysis as well as Cluster and Outlier Analysis are used to examine the spatial 
distribution of veterinary employee density.  The two approaches used are unique but 
complementary methods of approaching the question of spatial autocorrelation (José-Manuel 
Sánchez-Martín et al., 2019; Long & Robertson, 2018).  Broadly, spatial autocorrelation grows 
out of Tobler’s First Law of Geography essentially that things nearer each other tend to be more 
similar.   
Key Concepts 
Access to care 
 Access to Veterinary Care (hereafter A2C) meets several of the defining traits of a 
wicked social problem.  As such, the definition of the problem can take multiple forms 
depending on the perspective of the defining entity (Horst W. J. Rittel & Melvin M. Webber, 





veterinary clinic staff in a given county in the United States relative to the number of households.  
Lower ratios of veterinary clinic staff may result in the need for individuals to travel greater 
distances to reach a veterinary facility or may result in less economic competition and 
concomitantly higher prices.  If demand remains steady despite these two confounding factors 
then a lower density may result in difficulty obtaining an appointment, particularly at times 
convenient for working individuals.  Any of these resulting challenges represent a barrier to 
accessing veterinary care (Avcc-Report.Pdf, 2018).  This definition addresses one aspect of the 
multifaceted problem but settling on a single dimension will allow for an initial exploration of 
the problem while necessarily limiting the scope. 
Veterinary clinics 
Veterinary clinics are defined using the North American Industry Classification System.  The 
North American Industry Classification System (hereafter NAICS) provides a standardized 
method for classifying industries across the continent of North America.  The purpose of the 
NAICS is to provide a coding system to facilitate economic analysis.  The NAICS is updated in 
five-year intervals with the most recent update occurring in 2017 (2017_NAICS_Manual.Pdf, 
2017).  For purposes of this research, the NAICS code 541940 was used.  According to the 
NAICS definition: “This industry comprises establishments of licensed veterinary practitioners 
primarily engaged in the practice of veterinary medicine, dentistry, or surgery for animals; and 
establishments primarily engaged in providing testing services for licensed veterinary 
practitioners.” (Admin, 2016).  Sub codes limited to the practice of laboratory testing services 
are removed from the dataset being analyzed and these are elaborated on in the section on 
methodology.  The laboratories are excluded since they do not directly serve clients for 





Geographic Scope and Unit of Analysis 
 This study site covers the entire contiguous United States with the exception of US 
territories.  Territories of the US are not included because the dataset used to obtain the clinic 
level data does not cover these areas and no further source of this information could be found.  
Alaska and Hawaii are also excluded.  The reason for excluding these areas is related the unique 
attributes and isolated nature of the areas. 
 The geographic unit of analysis is at the county level.  Counties are a familiar unit of 
analysis for communicating data to the public.  Access to Care for human populations is 
measured and reported at the county level in this context providing a comparative justification 
for this unit.  The Robert Woods Johnson County Health Rankings is a one example of the use of 
the county as the unit of analysis for A2C on the human health side (Access to Care, 2020).  As 
some organizations move toward a One Health model that includes companion animal wellness 
as part of the human wellness continuum of care, using the same geographic unit of analysis will 
add value in how the results of this analysis can be used as part of existing human based A2C 
maps and datasets.  One Health acknowledges the link between non-human animal wellness and 
human wellness including the pscychosocial value of the human-animal bond, zoonotic disease 
transmission and other factors (Atlas & Maloy, 2014). 
 Census data existing at the county level for joining demographic data to the GUO is an 
additional benefit.  Other units of analysis, such as census tracts and blocks would be alternatives 
though the county is selected for purposes of exploratory analysis.  The same process could be 
repeated at a finer scale in future research.  Any of these units do present a modifiable areal unit 
problem (hereafter MAUP) because the shape and size of the unit of analysis can impact the 





the most consistent unit of analysis from a purely statistical perspective but there are three 
reasons this option was not chosen.  First, grids are mathematically derived and there would be 
no spatial point of reference for individuals interpreting the results of this work.  Second, the cell 
results would not be easy to join with other human A2C data.  Lastly, the addition of 
demographic data would have to be enriched into the cells which could lead to data allocation 
errors and produce inconsistent results depending on the allocation methodology used.   
Veterinary coverage 
 The coverage of veterinary care will be operationalized as the number of employees 
normalized over both the number of households in the geographic unit as well as the number of 
companion animals predicted in the geographic unit. The number of employees is used in lieu of 
the number of clinics due to the range of sizes of veterinary clinics that would impact their 
functional capacity to provide coverage for any given population.  Clinics can range in size from 
small, single veterinarians with limited support staff to large corporate-owned facilities with 
several veterinarians and numerous support staff (Sizing Up, n.d.).  The inclusion of support staff 
is important to using staff as a method of quantifying service capacity.  This does create one 
limitation as the services that support staff are legally allowed to provide do vary by state law – 
see for example (Duties of Veterinary Technicians and Assistants, n.d.). 
Normalization at 1000 households 
 Normalized Intensive Statistics provide a way to present data in comparative form by 
dividing the raw value by a given basis, a common tool in mapping (GIS Manual: Mapping with 
Quantitative Data, n.d.).  As a political unit of organization, the number of households in 





veterinary staff across these varying counties.  Further, normalization is recommended when the 
resulting visualization is symbolized as a choropleth map (GIS Manual: Mapping with 
Quantitative Data, n.d.). 
 This research uses the 2019 household count which was updated last by ESRI in June of 
2019 (Guerra, 2019).  In describing their methodology for accumulating and aggregating 
household count data, ESRI indicates that they use an approach based off of United States Postal 
Service delivery route data which is then aggregated by the various geographic units of analysis 
(J10268_Methodology_Statement_2019-2024_Esri_US_Demographic_Updates.Pdf, n.d.).  This 
variable will be used as the basis to normalize the number of veterinary staff across the counties 
in the US.  The resulting veterinary staff density is the primary variable of analysis. 
Validity 
 The clinic count is validated against the AVMA 2017 Report on the Market for 
Veterinary Services.  According to the report, there are between 28,000 and 32,000 clinics 
operating across the United States (as cited in The Corporatization of Veterinary Medicine, n.d.).  
While the Bureau of Labor Services does provide employment counts for specific professions 
(Veterinarians, n.d.), it is hard to use this as a tool to validate the total number of employees 
reported through this research due to limited nature of the job classifications searchable through 
this database as the number employed by public-service clinics cannot be delimited.  Animal 
care staff likewise are co-listed with animal laboratory animal care staff and so a similar 
challenge is presented.  Some states do individually list the total employment by service industry 
so this could be one method to validate selected subsamples of the dataset (for example see: 





however, and so their vintage generally does not align with the vintage of the dataset explored 
herein. 
Data Collection 
 The Environmental Systems Research Institute (hereafter ESRI) provides a number of 
industry software and software as service solutions that are popular tools in spatially driven 
research and visualizations.  This project makes use of Business Analyst v8.2, ArcGIS Online 
(hereafter AGOL) and ArcInsights for purposes of data collection and inspection.  The statistical 
program SPSS was used for data cleaning and aggregation.  Mapping and spatial statistical 
analysis were completed in ArcMap v10.6.1. 
 This research does not rely on a survey population and instead analyzes the entire 
existing population of veterinary clinics.  Veterinary medical clinics belong to the NAICS code 
group 541940 as previously discussed.  This code is inclusive of licensed veterinary practitioners 
engaged in the practice of veterinary medicine, dentistry, or surgery (NAICS Classification 
Manual, 2017, n.d.).  The purpose of this research to evaluate the density of clinic employees 
providing care to animals in the community and so results returned that included the words 
laboratory services were excluded from the search results as this is a support diagnostic service 
and may serve a large and/or nonspecific geographic area or even region. 
 ESRI’s Business Analyst was used to extract the data on the desired NAICS codes.  The 
database that the business info drawn from is maintained by ESRI through data gathered by 
Infogroup (McKay, 2020).  Infogroup sources authoritative business data on a large number of 





data used is January of 2020 for the clinic employee count and April of 2020 for the clinic 
location (Business Data—Esri Demographics | Documentation, 2020).     
Data Preparation 
 Business Analyst limits export of sites to 5000 and so data extraction was done at the 
state level for each individual state.  The Define Areas function was used to establish the study 
area (the individual state for which data was being extracted).  The Find Businesses function was 
used to locate veterinary clinics by using the NAICS code 541940 entered into the search box.  
The output maximum was set to 5000.  After the search was complete, the total number of 
records returned was investigated to ensure that it was not limited by the output maximum.  
Search results were filtered to exclude facilities that were listed as laboratories.  The resulting 
dataset was exported as a .csv file.  This process was repeated for each of the fifty states. 
 In preparation for normalizing, shapefiles of the US counties were obtained from TIGER.  
These were enriched with the 2019 household count variable in AGOL and exported to SPSS for 
analysis.  The data were then cleaned by searching for duplicates using all of the variables to 
identify duplicate cases.  The results were hand inspected and the duplicate cases were deleted 
from the data set.  The data were aggregated using the zip code as the break variable.  The 
number of clinic employee’s variable was aggregated as a sum and the number of clinics at each 
zip code aggregated as a case count.  The county name and FIPS codes were joined and the data 
were then aggregated using the county name and FIPS code as the break variables.  Clinic 
employee variable was aggregated as a sum as was the number of clinics.  This data was then 
combined with the 2019 household count .csv matched on county name and FIPS codes as join 





each county by the 2019 household variable and multiplying by 1000.  This is the normalized 
number of clinic employees per 1000 households is used for the analysis moving forward. 
 ArcInsights was used to visually inspect the data for outliers.  Outliers were individually 
inspected in the original source dataset to ensure there were no errors in the aggregation process.  
No errors were identified.  The total number of output clinics was 29212 which falls within the 
predicted range published by the AVMA 2017 Report on the Market for Veterinary Services (as 
cited in The Corporatization of Veterinary Medicine, 2017).  The total number of aggregated 
county cases was 3141 which is the number of counties in the US according to the USGS (How 
Many Counties Are in the United States?, n.d.). 
Methods of Analysis 
Choropleth map 
 The resulting data was extracted as .csv from SPSS and imported into ArcMap. The layer 
was symbolized by county polygons based on the density count of clinic employees.  Quantiles 
were used in order to split the results into five equal count bins with color codes associated with 
each level.  Choropleth maps are commonly used to represent standardized or normalized values 
in communicating spatial data but the choice of categorization can lead to confusing or 
misleading results (Cromley & Cromley, 2009).  Confusion can result from the method used to 
create the symbology cut points but also in the visual over-representation of areas of larger 
geographic size in the interpretation by an untrained map reader (for example, large counties 
make a greater visual impact than small counties).  Quantiles were chosen for this study since 







 Results of the HotSpot Analysis are reported using the Getis-Ord Gi* statistic.  HotSpot 
analysis was done using the Optimized HotSpot Analysis tool in the ArcMap 10.6.1 
environment.  The Optimized HotSpot analysis tool was chosen because the tool interrogates the 
data in order to set the optimal parameters based on the data.  The resulting Gi* is a z-score 
recorded for each case in the dataset with an output to a new Feature Class with corresponding z-
score, p-value and confidence level bin. The local aggregate for the polygon (county) and its 
surrounding counties is compared to the proportional aggregate for all counties. When the local 
aggregate deviates significantly from what is expected based on the overall aggregate, and the 
deviation is too large to be due to a random chance, a statistically significant z score is returned 
(José-Manuel Sánchez-Martín et al., 2019).   Essentially, this means The statistic returns 
significant values where there is high value (or low value) surrounded by other high (or low) 
values.  The tool also auto-corrects the statistical significance by using the False Discovery Rate 
approach to adjust for multiple testing and spatial dependence (What Is a Z-Score? What Is a p-
Value?—ArcGIS Pro | Documentation, n.d.).   
The Getis-Ord local statistic is expressed as: 
  
Where xj is the attribute value for the feature j, wi,j is the spatial weight between feature i and j, n 





   
Note: The Gi* statistic is a z-score and so no further calculations are needed 
(Ord & Getis, 1995) 
 From the perspective of the Access-to-Care issue it is worth noting that individual 
polygons (counties) that return a low result would not register as significant in the HotSpot 
Analysis unless they were surrounded by a neighborhood of other counties with similar 
characteristics.  This would limit the identification of potential care-desserts that are made of 
single counties.  The choropleth mapping serves the purpose of quantifying individual counties 
while the HotSpot Analysis is appropriate for considering larger geographic areas with extended 
areas of low/high clinic density. 
Cluster and outlier analysis 
 Cluster and outlier analysis is an additional spatial exploration reported with the Anselin 
Local Moran’s I.  A new output feature class is generated as a result of the analysis with the 
following attributes for each feature in the input feature class: local Moran's I index, z-score, p-
value, and COType (How Cluster and Outlier Analysis (Anselin Local Moran’s I) Works—
ArcGIS Pro | Documentation, n.d.).  What differentiates this approach from the HotSpot 
Analysis is that it identifies groupings or anomalous values based on proximity (José-Manuel 
Sánchez-Martín et al., 2019).  The results generate a set of five different geographical classes.  
One being a class of cases with no association.  The next two classes would be counties with 





anomalous areas where a county has very different values from its neighbors, either significantly 
higher or lower. 
 The Optimized Outlier Analysis tool was used in the ArcMap 10.6.1 environment.  Again 
the optimized tool was used because the software interrogates the data to set optimal parameters.   
The software uses the following to calculate the Anselin Local Moran’s I: 
   
Where xi is an attribute for feature i,X is the mean of the corresponding attribute, xi,j is the 
spatial weight between feature i and j, and: 
  
With n equaling the total number of features. 
(How Cluster and Outlier Analysis (Anselin Local Moran’s I) Works—ArcGIS Pro | 
Documentation, n.d.) 
Given the difference in approach to spatial relationship investigation between these two 
approaches, the reporting of both can add insight into spatial phenomenon (José-Manuel 
Sánchez-Martín et al., 2019). 
Results 
 The resulting employees per 1000 household’s variable was analyzed for descriptive 
purposes. The data is reported for the total number of counties in the US where N = 3141.  The 





number of counties that have a zero value for the clinic density (see percentiles) and a small 
number of very high density cases.  The kurtosis reinforces this same finding that the heavy tail 
at the zero end of the distribution results in this non-normal distribution (kurtosis=444.56).  Also 
reinforcing this finding is the mode value where mode is found to =0.  When examining the 
percentiles, both then tenth and twentieth percentiles of counties had a 0 value for the number of 
veterinary staff by county.  Values range from 0 to 169.49.  The upper end of the range is 
represented by a small number of counties with exceptionally high values falling at the 100th 
percentile of the distribution. 
 The percentiles found in the analysis are reported in Table 1.  The percentiles can be 
applied to future research and serve as ratios by which to assess relative abundance of service 
providers to households.  This type of index value is commonly used as a key part of analysis 
such as various versions of floating catchment used to evaluate access to human health services 
(Amiri et al., 2020; Daly et al., 2019; Wan et al., 2012).  Limitations apply because the unit of 
analysis in this research is the county level and use of floating catchment is frequently done with 
either raster data at 30 to 70 arc seconds (a considerably finer scale) or at the census block level.  
None-the-less, this contributes at least a starting point for future work when applied with an 










Table 1   
Percentiles:  Ratio of Veterinary Clinic Staff to Households 












A choropleth map is symbolized using quantiles which represent an even distribution of cases 
across each of the ranges contained in the legend.  In this case, five classes were derived which 
represent low access, medium-low access, moderate access, medium-high access and high 
access.  This way of visualizing the results makes it easy to see individual counties that have low 








Ratio of Veterinary Clinic Staff to Household by County 
 
Note:  features are symbolized as quintiles 
 There is a significant limitation in the use of descriptive statistics to accurately reflect the 
spatial disparities examined in this data.  The functional impact of a county of small geographic 
size with no veterinary service but surrounded by counties with high numbers of veterinary 
services is quite different from a large county with no access surrounded by other counties with 
similarly low-to-no access.  Spatial analysis provides a better lens through which to evaluate the 





geographic regions of concentrations of high or low ratios of clinic staff to the number of 
households provide an additional tool for interpreting the data. 
 Optimized hotspot analysis 
 The results of the Optimized Hotpot analysis in part include in the definition of the 
parameters of analysis.  In this analysis, a total of 3108 counties were input into the analysis with 
a distribution of a min value = 0.0000, a max value = 169.4915, a mean value = 2.5205 and a 
standard deviation = 5.1020.  74 Outlier counties were not used to compute the optimal fixed 
distance band.  In this analysis, the optimal fixed distance band based on peak clustering was 
found at 346245.6110 Meters.  None of the counties had fewer than 8 neighbors based on the 
fixed distance band used. 
 The analysis returned 124 counties that were statistically significant based on an FDR 
correction for multiple testing and spatial dependence.  The statistically significant results are 
reported in the Appendix A and visualized in Figure 2. 
 A high z-score and small p-value for a county signify spatial clustering of high numbers 
of clinic staff per household. A low negative z-score and small p-value indicate a spatial 
clustering of low numbers of clinic staff per household in that county. The higher (or lower) the 
z-score, the more intense the clustering. A z-score near zero indicates no apparent spatial 
clustering and these results are excluded from Appendix A and Figure 2.  The Gi_Bin field 
identifies statistically significant hot and cold spots regardless of whether or not the FDR 
correction is applied. Features in the +/-3 bins reflect statistical significance with a 99 percent 
confidence level; features in the +/-2 bins reflect a 95 percent confidence level; features in the +/-





statistically significant. (Hot Spot Analysis (Getis-Ord Gi*) (Spatial Statistics)—ArcGIS Pro | 
Documentation, n.d.). 
Figure 2 
Results of Hotspot Analysis:  Veterinary Staff by Household 
 
Optimized cluster & outlier analysis 
 Optimal parameters are calculated as part of the optimized tool.  In this analysis, the 
properties of the distribution of features was:  number of valid input features = 3108, minimum 
value = 0.0000, Maximum value = 169.4915, Mean = 2.5205 and Standard Deviation = 5.1020.  





After removing these outlier locations, the optimal fixed distance band with peak clustering was 
found at 346245.6110 Meters.  Features with no neighbors at this distance were adapted to 
include their nearest neighbor.  No features had less than 8 neighbors at the distance band used in 
this analysis.  A random reference distribution was created with 499 permutations, as a 
compromise between sensitivity and processing. 
 The analysis returned a total of 403 counties that were statistically significant based on an 
FDR correction for multiple testing and spatial dependence.  Of these 403 counties, 69 were 
identified as statistically significant high outlier features, 23 were statistically significant low 
outlier features, 305 were part of statistically significant low clusters and 6 were part of 
statistically significant high clusters.  The detailed results of the analysis are reported for 



















 The results of this analysis indicate that there are large regions of lower than expected 
ratios of veterinary clinic staff to number of households at the county level within the United 
States.  The results of the Outlier Analysis indicate broad areas in the south central US, the mid 
Appalachians as well as much of the State of Michigan.  The mid-Appalachian region has 
counties with higher than expected values interspersed within the area of low densities.  This 





multiple contiguous regions in the South Central and State of Michigan areas without the same 
incursion of higher densities.  In considering the practical implications of this analysis, these are 
the two regions that emerge as primary areas of concern. 
 While there were numerous counties that had no veterinary coverage this is seen as less 
significant than the results of the spatial statistics results.  First, mobile veterinary clinics may 
offer coverage of some of these areas, farm veterinarians may provide care for the domestic 
animals of their clients and these counties are surrounded by counties with higher levels of care.  
The broad areas of lower access with no incursion of high access therefor emerge as the most 
significant in concern from an applied perspective. 
Limitations and future research 
 One limitation to this analysis is the temporal nature of the data.  The density presented in 
the results section represent a single snapshot in time.  As businesses open and close, or as 
employees are hired or terminated, the density of employees in the geographic unit of analysis 
would be in flux.  While this is a limitation, the analysis will have relevance in the future as a 
baseline to which compare future data.  This is especially relevant as researchers look to 
understand the economic consequences from the COVID-19.  A comparative analysis between 
the density of veterinary staff pre and post pandemic could provide an interesting opportunity for 
future research. 
 A second limitation is the necessarily arbitrary definition provided for Access-to-Care.  
Density of veterinary staff is one part of a much larger complex issue.  It is outside of this project 
to fully define every aspect of A2C.  Further, there is an assumption of consistency in the 





necessary in order to conduct this exploratory analysis it is important to note that the distribution 
of companion animal presence in households is uneven with differing rates based on family size, 
age, income, rural region and marital status (Poresky & Daniels, 1998). 
 The geographic unit of analysis is an additional limitation.  The use of counties can be 
challenged by the fact that the boundaries are political in nature and not driven by comparative 
land mass, land use, demographics or population counts.  There is also no reason to assume that 
companion animal per household is consistent over an individual county with varying housing 
accommodations (i.e. apartments vs rural).  The size and shape of the polygons that represents 
each county is not static.  Some counties cover significantly greater physical area which can 
cause MAUP issues as addressed earlier (Nakaya, 2000).  Normalization is one tool to address 
this limitation to some degree. 
 The approach of normalization by household can be seen as an additional limitation. The 
likelihood of sharing the home with a companion animal (and the number of animals per home) 
is not stable over space and can vary by the rural/urban character of a region, family size, income 
and other factors (Poresky & Daniels, 1998).  Using the predicted companion animal population 
as the ratio denominator, instead of the household count, would be one way to control for some 






CHAPTER 4:   
PROBLEM STREAM PART TWO 
Introduction 
 The purpose of this chapter is to address the same question of spatial disparities in A2C 
in a slightly different context that may help to control for some of the limitations outlined in the 
previous chapter.  Primarily, this chapter aims to provide a means to evaluate care deserts by 
using the estimated pet population per county instead of the number of households to normalize 
the data.  This may help to address the limitation in the varying rates of companion animal 
ownership across demographic groups.  This is accomplished by incorporating data provided by 
the AVMA on state pet ownership rates.  There is also the potential for this approach to add in 
new errors since the pet population data is derived from a source that uses a sampling 
methodology as opposed to relying on census (as the data used in Chapter 3 does).  For this 
reason, these results of these two distinct approaches are both ways to examine the same question 
but with their own benefits and limitations.  Comparing the results of the two different 
approaches can add insight and confidence to the findings. 
Methodology 
 This chapter relies on the same the same methodological approach as the previous 
chapter.  The sources of the data used are the same as is the mode of analysis.  This chapter does 
introduce a new variable which defines the population in a different way.  Chapter 3 relied upon 
the number of households in a county and measured the ratio of veterinary staff per household.  
This chapter instead draws on the predicted companion animal population as the denominator in 





examined using the same set of geostatistical procedures.  Chapter 3 serves as a reference for a 
detailed discussion of the variables that are repeated as well as the discussion around the 
methodologies of choropleth mapping and the geostatistical approaches applied. 
Pet population data 
 There are two main sources for national estimates of the companion animal population at 
the state level in the United States.  The first is generated by the American Pet Products 
Association (a corporate market research association) on annual basis (2019-2020 APPA 
National Pet Owners Survey, 2019).  The second potential source is the American Veterinary 
Medical Association which publishes a Pet Demographics Sourcebook on a seven-year rotation.  
The 2012 version of the publication is available through the World Catalog and at academic 
institutions with a veterinary medical program while the newest, 2019 version is available by 
purchase through the AVMA.  For this research, the AVMA data was used for two reasons.  
First, the AVMA is generally recognized an authoritative source of information for the veterinary 
community and the AVMA graciously agreed to share a slice of the dataset from the 2019 Pet 
Demographics Sourcebook.  The cost of obtaining either dataset is very high and so the access 
granted to the AVMA data made it obtainable for this project. 
 Pet demographic sourcebook from AVMA data was transcribed into Excel for each state 
including the total number of pets for each state and the percent of pet owning households by 
state.  This data was the combined with the US Census total number of households count per 
state with a data vintage of 2016, the most recent available.  The 2016 household count was 
extracted using the US Census Data Finder (US Census Data Table, 2016). This mismatch 





 The total number of pets per state was divided by the total number of 2016 households in 
Excel to calculate a new field of the average number of pets per household for each state.  This is 
done for cats as well as dogs and then totaled.  This yields three new variables:  st_cats_per_HH, 
st_dogs_per_HH and st_pets_per_HH.  In SPSS this file was joined to the existing file from 
Article 1 using a one to many join using State as the key variable to add the state pet counts to 
the demography/vet detail file.  New variables were calculated called ‘cat_pop”, dog_pop and 
pet-pop.  SQL was used to create expressions to calculate the new field by multiplying the per 
household (cat, dog and pet) by the 2019 Household count for each county.  Three new variables 
were then created ‘norm_employ_cat’, ‘norm_employ_dog’ and ‘norm_employ-pet’.  SQL was 
used to calculate these by dividing the number of clinic employees and by the respective integer 
fields from above and multiplying by 1000. 
 The SPSS file was saved as a .csv and uploaded as a hosted feature layer in AGOL with 
location based on the state and county.  This was then joined to the ESRI General Counties layer 
from the Living Atlas.  The join was done using the FIPS as the key.  This is done to symbolize 
by polygon and not point.  The results were visualized and also used to conduct the geostatistical 
analysis. 
Results 
 The resulting employees per 1000 variable companion animals was analyzed for 
descriptive purposes. The data is reported for the total number of counties in the US where N = 
3141.  The results indicate a highly skewed distribution (skewness= 16.53).  This is resulting 
from the large number of counties that have a zero value for the clinic density (see percentiles) 
and a small number of very high density cases.  The kurtosis reinforces this same finding that the 





(kurtosis=463.13).  Also reinforcing this finding is the mode value where mode is found to =0.  
When examining the percentiles, both then tenth and twentieth percentiles of counties had a 0 
value for the number of veterinary staff by county.  Values range from 0 to 138.90.  The upper 
end of the range is represented by a small number of counties with exceptionally high values 
falling at the 100th percentile of the distribution.  These results reflect the same type of 
distribution found in the previous chapter since the ratio numerator (number of veterinary 
employees) is consistent across both approaches so counties with no veterinary staff are stable 
across both datasets. 
 The percentiles found in the analysis are reported in Table 2.  The percentiles can be 
applied to future research and serve as ratios by which to assess relative abundance of service 
providers to households.  This type of index value is commonly used as a key part of analysis 
such as various versions of floating catchment used to evaluate access to human health services 
(Amiri et al., 2020; Daly et al., 2019; Wan et al., 2012).  Limitations apply because the unit of 
analysis in this research is the county level and use of floating catchment is frequently done with 
either raster data at 30 to 70 arc seconds (a considerably finer scale) or at the census block level.  
None-the-less, this contributes at least a starting point for future work when applied with an 










Table 2   
Percentiles:  Ratio of Veterinary Clinic Staff to Companion Animals Population 












 The results were first visualized as a choropleth map as shown in Figure 4.  The map is 
symbolized using quintiles.  This can conceptualize each category as low access, moderate-low 
access, moderate access, moderate-high access and high access.  In this view, it is easy to 








Figure 4   
Ratio of Veterinary Staff to Predicted Companion Animal Population 
 
Results optimized HotSpot Analysis by pet population 
 There were 3108 counties entered into the analysis.  The distribution of these data 
included a minimum value = 0.0000, a maximum value = 138.8970, a mean = 2.0640 and a 
standard deviation = 4.0682.  75 outlier counties were not used in the calculation of the optimal 
fixed distance band.  The optimal fixed distance band based on peak clustering was found at 





 The analysis returned 441 counties that were statistically significant based on an FDR 
correction for multiple testing and spatial dependence.  Of these, 216 counties belong to 
statistically significant cold spots The statistically significant results are visualized in Figure 5 
and reported in table form in Appendix C. 
Figure 5 
Results of Hotspot Analysis:  Veterinary Staff by Companion Animal Population 
 
Optimized Cluster and Outlier Analysis 
 A total of 3108 counties were used for this analysis.  The distribution of values included a 





deviation = 4.0682.  75 outlier counties were not used in the calculation of the optimal fixed 
distance band.  An optimal fixed distance band based on peak clustering was found at 
345570.7880 Meters.  No feature had less than 8 neighbors at this distance.  A random reference 
distribution was created with 499 permutations, as a compromise between sensitivity and 
processing. 
 There were a total of 754 Counties found that were classified as statistically significant 
based on FDR correction for multiple testing and spatial dependencies.  Of these 123 were 
statistically significant high outlier features, 51 were statistically significant low outliers, 545 
were part of statistically significant low clusters and 35 were part of statistically significant high 















Figure 6  
Results of Cluster and Outlier Analysis:  Veterinary Staff by Companion Animal Population 
 
Discussion 
 There are several significant findings here.  First, in comparing the results of the two 
analytical approaches, it can be seen that areas that were identified as potential hotspots were 
found to include a mix of counties with higher than anticipated and lower than anticipated 
numbers of veterinary staff in ratio to the predicted companion animal population.  This could 
functionally reduce the impact of these clusters since proximal counties are balancing each other 





Large and contiguous areas of lower than anticipated clusters can be seen with minimal 
infiltration of higher than anticipated ratio counties.  This finding identifies significant 
identification of spatial veterinary care deserts in the continental United States.  The large 
geographic areas represented, with minimal infiltration by higher counties, implies low spatial 
access relative to the predicted companion animal population across a large swath of the southern 
and Appalachian regions as well as the State of Michigan. 
 These findings regarding care deserts are somewhat reinforced by the findings of the 
Hotspot analysis.  A similar region in the South was identified as a statistically significant cold 
spot.  This area may then be one of the biggest areas of concern in terms of access deserts.  
Interestingly, this area also overlaps with one of the regions that has a perpetual issue with the 
numbers of companion animals euthanized in shelters (Research | Network Partners, 2020).  
While outside of the scope of this research, this finding provides evidence for future research 
into the connection between access to care and surrender to animal shelters. 
 The findings here also serve to reinforce the findings in the previous Chapter.  Similar 
regions emerged as significant areas of lower than anticipated ratios regardless of the 
denominator used in the ratio.  While the companion animal population approach may offer 
some refinement the lack of confidence in the use of this variable when the scale is changed from 
the survey data (state level) and applied at the county level is a limitation.  The identification of 
similar areas in both analyses, however, indicate that this variable may be reliable enough to use 
in this context, at least at the exploratory level. 
In both datasets there were the large numbers of counties that have a zero ratio – in other words, 
counties that contain no veterinary staff for the entire county.  One limitation of this is that 





appropriately captured in the data.  While this is a limitation, it would not be expected that this 
would greatly influence the results in a meaningful way.  Travelling veterinarians most 
commonly practice in rural counties in combined large animal/companion animal practices.  The 
deserts identified in this research are not in the large, very rural counties of the West.  Similarly, 
some mixed practice veterinarians that combine large animal care with companion animal 
medicine operate as mobile practices and may provide service coverage missed through this 
analysis.  The impact of mobile mixed practice veterinarians would be not be expected to have a 
large impact on the results, however, and would also tend to operate in the rural counties that 
were not identified through these analyses as areas of special concern. 
Conclusion 
 This Chapter and the previous Chapter explored the question of whether or not a problem 
stream could be geosptatially identified in A2C.  Each Chapter took a unique approach to how 
the problem was defined.  Chapter 3 used a ratio representing the relationship between the 
number of households in a county and the number of veterinary staff in that county.  The benefits 
of this approach include that the household count is derived by the census and so is not as 
susceptible to sampling errors and error magnifications as the approach used in Chapter 4.  
Chapter 4 relied on predicted companion animal populations.  The greatest limitation in using 
this approach was that these population numbers are based on samples and reported at the state 
level.  Applying them to the county level may result in magnification of errors. 
 Regardless of the approach, similar geographic regions emerged as contiguous areas of 
lower than expected ratios of veterinary staff to either the number of households or the predicted 
number of companion animals.  Some regions were less homogenous and had counties of higher 





Michigan had broad areas of low ratio counties without incursion of higher ratio counties.  
Depending on how, and at what scale, the concept of a care dessert is defined, these areas may 
emerge as the highest priority due to the lack of robust access in surrounding counties.  There 
were also a number of counties that had no veterinary staff at all.  While some may be served 
through mobile or mixed-practice mobile clinics these counties may also represent care desserts.  
 The analyses were presented in a number of ways including choropleth maps, Hotspot 
Analysis and Outlier Analysis.  Each approach can be helpful to identifying different areas of 
concern.  The choropleth maps are a simple way to view trends across the entire country and 
isolated counties with lower than expected to no access to care are easy to identify on these 
maps.  Hotspot Analysis shows clustering of low numbers in certain areas while the Outlier 
Analysis shows neighborhoods of counties with expansive areas of low access. 
 Regardless of the approach taken, statistically significant areas of low access to care were 
identified in Chapters 3 & 4.  For purposes of considering the question of access to veterinary 
care within the Multiple Streams Framework, these chapters evidence a clear and definable 
problem stream.  These chapters also provide percentile distributions that provide reference 
numbers to support further research such as the application of floating catchment methods 
common in the human health access to care scholarship.  The final step in examining access to 






CHAPTER 5:  POLICY STREAM 
Introduction 
 This research hypothesizes that there is an opportunity to address the issue of spatial 
disparities in access to veterinary care by applying Kingdon’s Multiple Streams Framework.  
This chapter focuses on identifying the policy stream in access to veterinary care. The policy 
stream can be conceptualized as the flow of policy alternatives and strategies that may be 
considered in order to resolve a policy problem (Kingdon, 2003).  These alternatives could be 
living in the minds of policy entrepreneurs or in existing comparative policy alternatives 
(Cairney & Jones, 2016).   
 Chapter 5 explores the question of whether or not a policy stream can be identified in 
veterinary A2C.  Specifically, the policies surrounding the establishment of a VCPR are 
explored.  Research on a similar question in the human health field argued that there was limited 
time for a policy stream to emerge because of the rapidity with which the pandemic forced a 
pivot to telemedicine in human health (Giese, 2020).  This Chapter will instead use a more 
traditional approach to identifying a policy stream, employed by reviewing the existing pool of 
policy alternatives between the states.  The policy alternatives of human health telemedicine are 
explored as there is an identified lack of alternatives formalized legislatively on the veterinary 
health side of the issues.  It is thus argued that the policy stream can be identified and described 








The Policy Playing Field 
 There are a number of policies that may have a direct impact on access to veterinary care 
from a place-based perspective that could be considered in the identification of a policy stream in 
A2C.  
1.  Policies are in place the regulate the type of care that can be provided by individuals working 
under the veterinarian.  This includes what types of care can be provided with/without 
direct/indirect supervision by a licensed veterinarian.  For example, these policies can cover 
whether these individuals need to be licensed by the state, what the requirements are for 
licensing and what procedures they are allowed to perform/level of supervision required to do 
these procedures (Authority of Veterinary Technicians and Other Non-Veterinarians to Perform 
Dental Procedures, 2019). 
2.  Policies are in place that govern the ownership of veterinary practices.  Some states prohibit 
the ownership by non-veterinarians.  This can limit the perfusion of corporate practices but may 
also impede the creation of low-cost clinics that choose to hire veterinarians on a consulting 
basis (Lee, 2018) 
3.  Telemedicine and/or telehealth is regulated by the states.  At the state and federal government 
level, this mostly manifests through regulations and policy statements that address the Veterinary 
Client Patient Relationship (Cima, 2017).  This is addressed further in the section on 
telemedicine. 
4.  Limitations on nonprofit veterinary services.  Some states limit the role that nonprofits are 





5.  Restrictions on allowing animals on public transportation.  This is a local level policy issue 
that is tangential to the practice of veterinary care but can potentially impact access to care by 
restricting the use of public transportation use to access a care center by individuals with low or 
no access to personal transportation. 
Telemedicine, and specifically the role of the states in legislating this is the focus for this 
research.  Policies around telemedicine were chosen for several particular reasons.  First, 
telemedicine access is seen as one possible solution to spatial disparities in access to care. 
Second, telemedicine policies are established at the state level which makes data collection 
accessible.  Third, telemedicine was proposed as the policy focus under the MSF since the 
pandemic has provided an open window, including actions taken by the FDA and state veterinary 
medical associations as discussed in the next section. 
Telemedicine 
 Telemedicine has been advanced as one solution to access to care in the human health 
field.  A scoping review of the recent literature on telemedicine returned strong evidence across 
multiple studies that it both reduces costs and addresses place-based disparities (Shafiee Hanjani 
et al., 2020).  Given the similarities in health care provision in the veterinary industry, 
telemedicine may be positioned to have similar impacts to that field.  Yet a recent study found 
that adoption of telemedicine by the veterinary community is quite limited in scope and scale 
(Watson et al., 2019).  The main barrier to the implementation of telemedicine the veterinary 
medicine are the legalities of establishing a Veterinary Client Patient Relationship (hereafter 
VCPR (Cima, 2017).  The VCRP is the foundation of care and a requirement before a 
veterinarian is able to offer any diagnosis, treatment or individualized care (Cima, 2017).  Most 





that a collaborative and quality relationship can be formed through this method (Roca & 
McCarthy, 2019). 
  In order to identify the policy streams in telemedical VCPR’s there would exist two 
strategies.  The first would necessitate the identification of policy entrepreneurs and the 
documentation of the policy alternatives/solutions that they are holding.  A different approach is 
to review existing policies across the states for evidence of a variety of solutions which then 
make up the policy stream.   
 An attempt to identify a policy stream through the former approach yields a mere trickle 
in the veterinary medical world.  A scoping review was completed of the various state laws and 
policy statements of the fifty states plus the District of Columbia as compiled by the AVMA 
(VCPR-State-Chart-NOV-2020.Pdf, 2020).  The review yielded seven states that specifically 
prohibit the formation of a VCPR via telemedicine, one that allows it but restricts the prescribing 
of any medication by this means, one that allows VCPR through telemedicine, and two that are 
somewhat grey.  The remainder of states do not address the issue.  This does not provide a rich 
set of policy alternatives in order to affirmatively establish the presence of a policy stream.   
 It is hypothesized that an adjacent policy stream can be positively identified by looking 
instead to the practice of telemedicine and the establishment of a relationship similar in function 
to the VCPR only in the human health care sector.  Specifically, state policies that cover the 
establishment of a Physician Patient Relationship (hereafter PPR) in human health care for the 








 A content analysis scheme was devised in order to identify the main themes associated 
with policies covering the establishment of a PPR in the telemedicine environment.  Data were 
derived from the policy statements and legislative records from each of the fifty states in the 
United States and the District of Columbia.  The American Medical Association curated a 
collection of the state laws and policy statements that address the establishment of a PPR in 
telemedicine (Ama-Chart-Telemedicine-Patient-Physician-Relationship.Pdf, 2018).  This 
compilation provided the text for the analysis completed in this research.  
 Content analysis has been applied in policy analysis studies in a variety of policy fields 
(Braun & Clarke, 2006; Larjow et al., 2016; Richardson et al., 2009; Scorsone et al., 2020).  
Thematic analysis can be considered as a close relative to or methodological subset of content 
analysis and is set apart by being less interpretive in nature (Vaismoradi et al., 2013).  The focus 
on thematic analysis is to identify the main themes that emerge from a large set of text (Braun & 
Clark, 2008).  In this case, the thematic analysis was used to identify central issues surrounding 
the establishment of a PPR through telemedicine in the United States. 
 The policies for each of the states plus the District of Columbia were systematically 
reviewed and key components of the policies were extracted.  Definitions of specific terms were 
not included in the analysis.  Key provisions were then organized by theme.  If more than two 
states had a provision that were related, then a theme was identified on that topic.  It is important 
to note that the themes provide a category describing policy provisions and does not imply that 
there exists a consensus on how the provisions are prescribed.  In several instances, states 
differed in how each theme provision was addressed.  These differences represent policy 





  The objective of the analysis applied herein has two distinct purposes.  The first is 
to evidence a vibrant policy stream in an adjacent field to veterinary medicine by looking to the 
governance of PPR telemedicine in the human health care setting.  A policy stream exists when 
there are a multitude of competing ideas or alternative around a policy problem (Kingdon, 2003).   
 The second goal is to describe the policy stream through the use of thematic coding.  The 
themes comprise the policy stream and identify the main considerations that make up the policy 
on the human medical policy sphere that could be applied to the same policy system in veterinary 
medicine.  The identification of a set of feasible choices is seen as a key step in applying the 
Three Streams approach (Béland & Howlett, 2016).  The combined effect of the identification of 
a proximal stream and the thematic aspects of that stream provides a framework that is both 
evidenced and described in order to complete the necessary aspects to round out the application 
of Kingdon’s model. 
Results 
 A comprehensive review of the laws and policy statements of all fifty states plus the 
District of Columbia resulted in clear evidence for the existence of a proximal policy stream.  
The review found that forty-two states plus the District of Columbia had policies and/or policy 
statements from state medical boards in place that specifically addressed the establishment of a 
PPR in the telemedicine context.  Of these, forty states affirmatively allowed for the telemedicine 
to confirm a legal PPR.  The various limitations and requirements are analyzed in the next 
section of this work.  Only nine states did not have policies or policy statements that addressed 
the issue.  Of these, the AMA concluded that seven allowed telemedicine established PPR’s 
because of the lack of exclusionary statements and only two remained where the AMA 





(Ama-Chart-Telemedicine-Patient-Physician-Relationship.Pdf, 2018).  The presence of these 
policies in the vast majority of states shows that there is a policy stream in the human medical 
field that could be used to inform policy in the veterinary medical field.   
 The next step was to fish in that stream to identify the main policy ideas that formulate 
the stream.  The results of the first phase of the thematic analysis are shown in Table 3.  The 
table represents a crosswalk through the policies of each of the fifty states plus the District of 
Columbia as they related to the establishment and practice of a PPR through telemedicine in the 
human health care sector.  The first column represents the thematic theme that emerged through 
the analysis.  The third column provides a list of the many policy alternatives that were identified 
within the theme.  The second column contains the reference citation for the relevant policy 





Table 3  
Thematic Review of Policy Considerations 
Policy Consideration Theme Reference statutes Policy alternatives 
Prescription of controlled 
substances 
AL (AAC 540-X-15-.10) 
AK (AS 08.64.364) 
CO (CMB policy 40-27) 
CT (Public Act 15-88(2015)) 
DE (DE Code, Title 16 S4744) 
IN (Code 25-1-9.5(9)) 
LA (L.R.S. 17:1271) 
MI (Senate Bill No. 270 
Statute 7303a) 
NH (RSA 329:1-c) 
NJ (Statute C. 45:11-63) 
OH (4731-11-09) 
SC (admin code 40-47-37) 
WV (act 30-3-13a(g) and 30-
14-12d(g)) 
AL, OH allows controlled substances in cases of palliative or 
hospice care. 
AK allows controlled substances only in cases where telemedicine is 
conducted at a site where another licensed provider can verify the 
treatment need. 
CO specifies that medical marijuana cannot be prescribed in an 
exam conducted only by telemedicine 
CT restricts the prescribing of schedule I,II or III to only schedule II 
or III non-opioid medications for psychiatric treatment 
DE prohibits pharmacists from dispensing via an online pharmacy if 
they know that the prescription was issued solely on an internet 
form/consultation or questionnaire 
IN does not allow telehealth prescriptions for opioids unless for the 
treatment of opioid dependence 
LA prohibits prescribing “dangerous” controlled substances without 
an in person physical exam 
MI allows schedule II-IV prescriptions via telehealth so long as an 
assessment of medical history and evaluation have been done 
(including an evaluation done via telehealth) 
NH prohibits the prescribing of schedule II-IV drugs via telehealth 
unless a prior in-person treatment arrangement is in place 
NJ prohibits the prescribing of schedule II drugs via telehealth 
without an in-person relationship prior and an in person visit every 
three months 






OK prohibits telemedicine and store-and-forward technology to 
establish a PPR for purposes of prescribing opiates, synthetic 
opiates, semisynthetic opiates, benzodiazepine and carisprodol 
SC prohibits prescribing schedule II and III drugs via telemedicine 
unless they are non-narcotic 
VA schedule VI require two-way, real-time communication to meet 
standards of a new PPR, also requires medical history, conform to 
standards of care in allowing telemedicine for that drug 
WV prohibits prescribing schedule II drugs, and schedule II-V drugs 
that are pain-relieving in nature 
Evaluation standards AL (AAC 5440-X-15-.11) 
AR (code 17-92-1003) 
CO (CMB policy 40-30) 
CT (Public Act 15-88(2015)) 
DE (DE Code, Title 16 S4744) 
IN (Code 25-1-9.5(7)) 
IN (Code 25-1-9.5(9)) 
KY (Rev. Stat. Ann. 311.597) 
MS (Code 83-9-351) 
NE (Rev. Stat. Ann. 71-8501) 
NV (Rev. Stat. 633-165) 
NJ (Stat. C.45:1-63) 
NM (Admin code 16.10.8.7) 
NY (Medical board of 
professional medical conduct) 
NC (NCMB position statement 
on telemedicine) 
ND (Admin code 50-2-15) 
OH (state medical board 
position statement on 
telemedicine) 
AL, IN, KY MS provides minimum standards for the establishment 
of a PPR including: 
     -Establish that the person requesting treatment is who they claim 
to be 
     -Establish a diagnosis through the use of acceptable medical 
practice, including patient history, physical examination and 
indicated diagnostic studies. 
     -Discussing the diagnosis, the evidence for it and risk benefits of 
treatment options 
AR allows for the establishment of a PPR based on the healthcare 
professional personally or professionally “knowing” the patient’s 
relevant health status.   
CO, IN, KY, NJ, NC, OK, SC, TN, VT, VA, WV requires the 
verification of the patient’s identity and disclosure of the health 
provider’s identity and credentials 
IN, NJ, VA also requires obtaining the patients’ medical records 
CT also requires providing the patient the providers license number 
and contact information 
DE requires authenticating the patient’s location as well as identity 
IN requires the patient be give a summary of the televisit including 
documentation of any prescriptions given as part of the visit 
NE requires written disclosures from the patient to the provider prior 





OH (state medical board 
position statement on 
telemedicine) 
OK (O.A.C 478.1:59) 
RI (Guidelines for the 
appropriate use of telemedicine 
and internet medical practice) 
SC (admin code 40-47-37) 
TN (code ann. 63-1-155(b)) 
TN (0880-02.16) 
VT (policy on the appropriate 
use of telemedicine) 
VA (guidance doc 85-12) 
WA (MD2014-03) 
WV (act 30-3-13a(d) and 30-
14-12d(d)) 
WI (chapter med 24) 
NV requires a history and examination sufficient to establish a 
diagnosis and identify underlying medical conditions 
NM requires an interactive technology and exam sufficient to make 
a diagnosis/prescribe/treat 
NY provides a declarative: “If a patient receives professional advice 
or treatment, even gratuitously, there is prima fascia evidence that a 
PPR exists” 
ND, OH states that a telemedicine exam is valid if it is equivalent to 
an in person exam 
OH requires verifying patient identity 
RI clearly states that a PPR “is clearly established when the 
physician agrees to undertake diagnosis and treatment of the patient 
and the patient agrees, whether or not there has been an in-person 
encounter between the physician and patient”.  Further that the 
relationship exists when a physician serves a patient’s medical 
needs. 
TN states that a relationship is “created by mutual consent and 
mutual communication…between the patient and the provider”. 
TN specifies a PPR is not created simply by the receipt of patient 
health information 
VT, WA states that the PPR starts when an individual seeks 
assistance from a provider and that provider, through words or 
actions, agrees to undertake diagnosis and treatment and the patient 
agrees to be treated 
WV requires disclosure of the provider’s location 
WI requires disclosing the providers name and contact information 
Follow-up care AL (AAC 5440-X-15-.11) 
AR (code 17-92-1003) 
DE (DE code, title 16 S4744) 
GA (Code of GA Ann 360-3-
.07) 
MI (Compiled Laws 
333.17751) 
AL, DE, MS, NM, NC, OH, OK, SC requires the provider ensure 
the availability of appropriate coverage for follow-up care 
AR requires availability of follow-up care at medically necessary 
intervals 
GA requires telehealth treatment to make diligent efforts to ensure 





MS (Code 83-9-351) 
NM (Admin code 16.10.8.7) 
NC (NCMB position statement 
on telemedicine) 
OH (state board position 
statement on telemedicine) 
OK (O.A.C 453:10-7-13) 
SC (admin code 40-47-37) 
MI requires the provider to make themselves, or a referral, available 
for follow up care 
Patient records AK (AS 08.64.01(6)) 
CT (Public Act 15-88(2015)) 
FL (Admin Code 64B8-
9.0141) 
KS (KSA 2017 Supp. 40-2) 
MS (Admin Code 30-17-2635-
5.4) 
NM (Admin code 16.10.8.7) 
NC (NCMB position statement 
on telemedicine) 
OH (state medical board 
position statement on 
telemedicine) 
OH (4731-11-09) 
OK (O.A.C 435:10-7-13) 
SC (admin code 40-47-37) 
TN (0880-02.16) 
TX (occupations code 
562.056) 
UT (code ann. 26-60-101) 
WV (acts 30-3-13a(d)) 
WI (chapter med 24) 
AK requires that the person consent to sending a copy of all records 
to establish a telemedicine PPR 
CT requires that all records of the telehealth visit be provided to the 
PCP 
FL, WI requires documentation of a patient evaluation and 
maintenance of contemporaneous medical records 
KS requires a report be sent from telemedicine provider to the PCP 
within three days 
MS, OK, SC requires completion of a medical record for the 
encounter that is available to the patient and other treating health 
providers 
NM, NC, OH, UT, WV, WI requires that a medical record is created 
by the telehealth visit 
OH requires the record be shared with the PCP if there is a 
prescription made for a non-controlled substance 
TN requires a record that specifically includes the type of 
technology used in the encounter 
TX requires record that is sent to PCP within 72 hours 
Prescription medications other than 
controlled substances 
AK (AS 08.64.01(6)) 
HA (HA Rev. Stat. 453-1-.3) 
ID (Code Ann. 54-5605) 
AK requires that prescriber is: 





IN (Code 25-1-9.5(7)) 
IA (Medical Board rule 653-
13.11 (147.148.272C)) 
NM (Admin code 16.10.8.8) 
OH (4731-11-09) 
OR (admin rules comp. 847-
025-0000) 
SC (admin code 40-47-37) 
UT (code ann. 26-60-101) 
     -the provider obtains and shares the patient medical records with 
the PCP if the provider is not the PCP 
HA specifies that a prescription cannot be written solely based on an 
internet questionnaire 
HA, ID specifies e-prescribing is not allowed without a past in-
person exam 
IN requires an on-going e-relationship to prescribe via telehealth 
meaning they have had at least two consecutive times of care 
through telemedicine 
IA, NM, OR prohibits prescribing based solely on an internet 
questionnaire 
NM provides an exception if a physical exam would not normally be 
required to prescribe the medication/device 
OH requires verifying patient’s identity, obtaining consent, 
documenting a treatment plan and creating a record to share with the 
PCP prior to any prescribing of non-controlled substances 
SC prohibits prescribing medication via telemedicine where an in-
person exam is needed for diagnosis 
UT have clients clinical history and document the clinical history 
and current symptoms 
Technology requirements AK (12 AAC 40.967(27)) 
AZ (ARS 32.1401(27)(ss)) 
AR (ACA 17-80-403) 
AR (ACA 17-80-404) 
CO (CMB policy 40-27) 
DC (DC Medical board policy 
No. 15-01) 
ID (Code Ann. 54-5607) 
IA (Medical Board rule 653-
13.11 (147.`48.272C)) 
KS (KSA 2017 Supp. 40-2) 
KY (Rev. Stat. Ann. 311.597) 
LA (L.R.S37:1271) 
AK prohibits diagnosing/prescribing based solely on a history 
received by telephone, facsimile or electronic format 
AZ specifies that a health status exam must be conducted during 
real-time encounter with audio and video capability and references 
elements required by the Centers for Medicare and Medicaid 
Services unless it is for exempt purposes (see comment on 
vaccination for example) 
AR specifies that a patient creating an online medical history and 
forwarding it to the provider does not constitute a relationship 
AR, WV has a section that a relationship cannot be established by 
any of the following alone: 
     -internet questionnaire 





ME (24-A Rev. Stat. Ann. 
4316) 
MD (COMAR 10.32.05.05) 
MI (Ins Code 500.3476) 
MO (RSMo 191.1146) 
NY (Public health law 2999-
cc) 
NC (NCMB position statement 
on telemedicine 
OK (O.A.C 435:10-7-13) 
SC (admin code 40-47-37) 
TN (0880-02.16) 
VT (policy on the appropriate 
use of telemedicine) 
WA (D2014-03) 
WV (act 30-3-113a(c)) 
WV (act 301412d(c)) 
WI (chapter med 24) 
     -patient-generated medical history 
     -audio-only communication even if two-way 
     -text messaging 
     -facsimile 
     -any combination of the above technologies 
CO, KS, KY, ME also rules out telephone, facsimile or e-mail 
DC, MI allows phone-only to establish a PPR and specifies real-time 
auditory or real-time visual and auditory communication that allows 
the free exchange of protected health information 
ID, MD, NY, OK specifies the use of two-way audio and visual 
communication to establish a PPR 
IA requires an adaptive, interactive and responsive online interview 
and prohibits online questionnaires 
LA allows use of audio only if, after a records review, the provider 
determines it is adequate 
MO, WA rules out internet questionnaires 
MO allows PPR via telehealth if the standard of care does not 
require in person exam 
NC, SC states that the technology must be sufficient to accurately 
diagnose and treat the patient in conformity with the applicable 
standard of care.   
NC, WI Specifically indicates an internet questionnaire is 
inadequate 
OK requires technology to be sufficient to provide the same 
information as if the exam were performed in person. 
TN states that patient must “utilize adequately sophisticated 
technology to enable the remote provider to verify…” the patient’s 
location and identity 
VT requires inclusion of the limitations of the technology being 
used as part of the informed consent 
WV states a new PPR requires interactive audio using store and 





Practitioner judgement AZ (AMB Substantive Policy 
Statement 12) 
AR (ACA 17-80-404) 
CT (Public Act 15-88(2015)) 
GA (Code of Georgia Ann 
360-3-.07) 
IA (Medical Board Rule 653-
13.11(147.148.272C)) 
MS (Admin Code 30-17-2635-
5.4) 
MO (RSMo 191.1146) 
VA (guidance doc 85-12) 
AZ requires a physical examination for certain services but states 
that how the exam is conducted will depend on the patient and the 
condition being treated.  Specifically, states that an internet 
questionnaire is inadequate. 
AR specifies that telemedicine can be used to establish a PPR only 
for situations in which the standard of care does not require an in-
person encounter 
CT requires that the telehealth consult must be able to be 
accomplished within the standard of care for the condition and 
appropriate to the age, presenting condition 
GA states that provider must be able to examine the patient using 
technology/peripherals that are equal or superior to the standard of 
care/traditional exam 
IA allows PPR to be established w/o in person if in accordance with 
evidence based guidelines OR if the telemedicine encounter is 
sufficient to make an informed diagnosis comparable to in-person 
MS, MO states that the telehealth PPR is established if the exam is 
appropriate for the standard of care 
VA states that the practitioner is responsible for determining if the 
condition can be treated via telemedicine 
Store-and-forward technology AR (ACA 17-80-403) 
AR (ACA 17-80-406 
KS (KSA 2017 Supp. 40-2) 
ND (Admin code 50-2-15) 
TX (occupations code 11.004) 
AR specifies that an online form being forwarded to a provider does 
not constitute store-and-forward technology 
AR defines store-and-forward technology as:  the asynchronous 
transmission of medical information from a healthcare professional 
at an originating site to a healthcare professional at a distant site. 
KS allows use of store-and-forward including for establishing a PPR 
ND states that if using store-and-forward technology an independent 
exam may not be required in some situations 
TX allows but states it must be in conjunction with synchronous 
audio interaction so long as includes clinically relevant images, 





Informed consent CO (CMB policy 40-3) 
DE (DE code, title 16 S4744) 
VT (policy on appropriate use 
of telemedicine) 
VA (guidance doc 85-12) 
WV (act 30-3-13a(d) and 30-
14-12d(d)) 
CO requires disclosure regarding delivery models and the 
limitations including any special informed consent regarding the use 
of telehealth technologies 
DE, VT, VA, WV requires disclosure regarding the health care 
delivery method and treatment methods/limitations and specifically 
informed consent regarding the use of telemedicine technologies 
Referral GA (Code of Georgia Ann 
360-3-.07) 
IA (Medical Board Rule 653-
13.11 (147.148.272C)) 
MD (COMAR 10.32.05.05) 
MN Stat. Ann 151.37) 
NH (RSA 22-1) 
ND (Cent code 19-02.1-.15.1) 
GA allows referral to telehealth via a nurse or nurse practitioner 
HA only allows a televisit to establish a PPR if the person was 
referred by another provider who has examined the person 
personally 
IA allows referral for treatment w/o in person exam from another 
licensed provider 
MD, MN, NH allows relying on an exam conducted by a referring 
physician 
ND allows prescribing via telemedicine if referred from an in-person 
visit 
Misc. AL (AAC 540-X-15-.09) 
AS (ARS 32.1401(27)(ss)) 
LA (L.R.S. 13:1271) 
MO (RSMo 191.1145) 
NJ (Statue 45:1-62) 
OR (admin rules comp 847-
025-0000) 
RI (Guidelines for the 
appropriate use of telemedicine 
and the internet in medical 
practice) 
TN (code ann. 63-1-155) 
UT (code ann. 26-60-101) 
VT (policy on appropriate use 
of telemedicine) 
AL limits telemedicine practice to situations where the patient is at a 
medical site specifically not the patients home 
AZ allows for the prescription for the administration of a vaccine to 
a household member with an existing PRR without a physical exam 
of the household member 
LA states that there will be no restrictions on telemedicine that are 
more restrictive than those otherwise applicable to the “entire 
profession” 
MO allows telehealth by a provider outside of the state if it is for 
emergency or disaster and no charge made 
NJ, OR allows for out of state practitioners to practice telehealth w/o 
a NJ license 
RI specifies that the telemedicine provider is libel if the clinical 
presentation suggests the need for an in-person visit and they go 





WV (state board of medicine 
position statement on 
telemedicine) 
RI defines a physical evaluation as “means using the tools and 
resources available utilizing telemedicine and internet appropriately 
to come to a reasonable diagnostic conclusion” 
RI specifies that “it is understood that a physical evaluation done via 
telemedicine or the internet is inherently different than in the 
traditional in-person encounter” 
TN specifies that if the information obtained via the telemedicine 
visit is not of sufficient quality or does not contain adequate 
information to make a diagnosis then the patient must be referred for 
physical exam, additional data or referred to their PCP 
UT requires provider to be familiar with emergency resources near 
the patient for referral if needed 
VT, WV specifies that the patient must be able to select an identified 






 There were a number of themes that emerged and a number of alternative ways to address 
each theme were also identified.  Ten distinct themes were identified through the content 
analysis in addition to one theme for unique considerations.  These themes each contain a series 
of policy alternatives that were identified during the review of the state laws and policy 
statements.  The main themes that were identified include:  prescribing of non-controlled 
substances, prescribing of controlled substances, special provisions in referring or cross-care 
circumstances, evaluation standards, issues of follow-up care, patient records, technology 
requirements, latitude for practitioner judgement, use of store-and-forward technologies, 
informed consent and a final theme that capture miscellaneous items that provide alternatives but 
were not present in any majority to be grouped as their own theme. 
Applying themes to veterinary medicine VCPR 
 Each of these themes have direct application to the development of VCPR policy.  The 
prescribing of medications, including controlled substances, situates as a central function of 
veterinary medicine.  Policymakers could consider similar sets of restrictions as are shown in the 
review from human medicine.  There is an added complication in veterinary medicine since 
some of this is regulated by the FDA – specifically the prescribing of medications for off-label 
purposes.  At the most conservative, policy options could include the requirement for a physical 
exam in order to prescribe medications.  This would functionally limit the impact of a 
telemedicine, however, so less restrictive policies could be put in to place, particularly if the 
FDA chooses to continue its emergency order allowing for the prescribing of off-label use 
medications without a physically established VCPR.   
 Controlled substances follow the same set of challenges.  There is an obvious need to 





study by Pennsylvania State University School of Veterinary Medicine found a 41% increase in 
the prescription of opioids to small animals in the past 10 years (Does Opioid Use in Pets Create 
Higher Risk for Abuse in Humans - Penn Medicine, 2019).   They argue that this increase 
positions veterinary care as one potential route for individuals to access opioids that may be 
abused.  A survey of veterinarians in Colorado concluded that veterinarians recognized their role 
in preventing opioid abuse but indicated that veterinarians felt that they lacked formal education 
on the topic (Mason et al., 2018).  One direct solution advanced by this research was a 
strengthening of the reporting requirements at the state level whereby veterinarians would report 
opioid prescription to monitor for signs of abuse, similar to what is legislated in many states for 
human prescriptions (Mason et al., 2018).  This could provide a reasonable alternative whereby 
electronically established VCPR providers could still prescribe narcotics but with state legislated 
safeguards that again mirror the human medical policy. 
 Cross-care situations and the need for referring facilities is a theme that also has direct 
application.  Special allowances for the referral of animals requiring specialized consulting 
would enable more animals to access expert care – particularly as we acknowledge that 
specialists may be located vast distances from the animal’s home.  The requirement for having a 
physical location in order to refer a telemedicine client could address two potential concerns with 
an electronically established VCPR.  First, it could include a provision that the provider has 
knowledge of a clinic near the client that could provide follow-up care, if needed.  Second, it 
could include a provision that the provider has knowledge of a clinic near the client if the 
condition they are seeking diagnosis or treatment for require in-person examination in order to 
meet the standard of care.  There is one confounding factor here that makes this theme more 





evidence-based standard of care protocol in veterinary medicine (Smith-Akin et al., 2007).  
Efforts to increase the availability of standards of care in veterinary medicine would assist in 
development of policies surrounding telemedicine and VCPR’s by providing an agreed upon set 
of treatment and diagnostic standards to refer to. 
 In part due to this lack of evidence-based standards of care, the need for policy provisions 
surrounding the theme of practitioner judgement are perhaps even more critical in the veterinary 
field than in human medicine.  Both traditional and telemedical care must recognize that 
veterinarians are licensed and trained professionals who have a moral, if not legal, obligation to 
provide the best possible care for their animal clients.  The access to care problem in the US is 
complicated, however, and the need to balance financial limitations and limitations inherent in 
telemedicine ought not to impede the adoption of these policies.  Provisions that establish gold 
standard care can interfere with the potential access to care gains in telemedicine.  One way to 
address this is to consider telemedicine as part of the spectrum of incremental care – a 
philosophical and ethical approach to medicine that acknowledges that gold standard care is not 
always financially feasible nor always in the best interest of the animal (Mattson, 2020a).  This 
could be expanded by including disclosures as part of the informed consent process. 
 Requirements related to the themes of record-retention and technological specifications 
are themes that also resonate across the gap between veterinary and human health care.  Records 
creation and retention policies could be directly applied to veterinary policy.  Technological 
requirements vary across the states in human medicine.  Many of these policies specified that 
simple internet forms do not justify the establishment of a PPR.  This is the most basic level of 
this policy.  At higher levels, the use of text only communication, or voice only communication 





synchronous audio/video communication.  What level of policy is most appropriate for 
veterinary care is outside of the scope of this discussion and may be best determined as standards 
of care are more widely established?  Until such time, the most restrictive policy (synchronous 
audio/video) may provide the greatest level of protection while still enabling telemedicine 
VCPR’s. 
Policy alternatives as solution 
 The review yielded a large number of alternatives for policymakers to consider in the 
formulation of state policy surrounding VCPR and telemedicine.  It is these alternatives that 
provide the direct evidence of a vibrant policy stream.  These policy alternatives provide a menu 
for ways that state Veterinary Medical Boards and legislative bodies could create policies that 
allowed for the establishment of a VCPR through telemedicine.  The policy alternatives can be 
grouped using the results of the thematic analysis to provide a summarized overview that 
represents the policy stream in telemedicine policy for the veterinary field as one solution toward 













Policy Alternatives Summary:  Concepts and Themes 
 
 This figure takes the thematic content analysis results from Table 3 and compresses them 
into the main choices that a policymaker would be confronted with if using the human medical 
PPR/telemedicine state policies to design VCPR/telemedicine state policy.  The power of this 
approach to organizing the analysis is that it allows a decision maker to view the highest order of 
policy alternatives but with clear documentation, using Table 3, to trace back to the specific state 
policies for further details and specific policy wording.  The first tier provides a highest order list 
of summarized concepts.  The second order are the main themes from the analysis.  Each theme 
is listed under their main concept, though most themes could be considered in multiple concepts.  
For example, informed consent could be both a practical, administrative and ethical concern.  
Comprehensive, evidence-based policy could be arrived at by taking each element and 





 The highest order ideas emerged from the summarization of the analysis are ethical, 
legal, practical and administrative concerns.  Ethical concerns are those that revolve around 
questions of standard of care.  Providers have an ethical obligation to ensure that the care they 
are able to provide via telemedicine and telemedically established VCPR’s is consistent with the 
standard of care for the condition they are diagnosing and treating.  While this centers as its own 
highest order concern it is also echoed in the second level where it manifests as professional 
judgement.  The second order professional judgement is added to the obligations around follow-
up care availability and referring relationships as well as informed consent to comprise the third 
main highest order concept summarized as practical.  Practical concerns are conceptualized as 
those related to the practice of medicine.  Informed consent is considered in this summary as a 
practical – as opposed to administrative – idea because the policies reviewed were centered on 
the practice of ensuring that the clients understood that telemedicine was functionally different 
from traditional medicine with the concomitant and unique challenges faced with this 
technology.    
 Another highest order concept is the legal implications.  This is captured by rules that 
cover the prescribing of medications and the prescribing of controlled substances.  As discussed 
earlier in this work, the FDA governs the prescribing of medications in the veterinary medical 
field and has specific limitations on the use of telemedicine for prescribing off-label uses of 
medications, a common practice in veterinary medicine.  Whether the discussed changes to the 
FDA policies are only temporary or whether the changes under the COVID-19 pandemic become 
permanent state policymakers have to take these legal concerns under consideration when 
forming state policy.  Further, any individual state laws pertaining to prescribing controlled 





 The final highest order concept that emerged were those surrounding the administration 
of telemedicine and establishment of PPR/VCPR through this means.  This includes how and 
what types of records are maintained, what technology is used to facilitate the patient/provider 
relationship and how the identification of the patient/client and the provider is substantiated. 
 By choosing from this menu of policy considerations, policymakers could design policies 
that would address spatial disparities in access to veterinary care through the use of telemedicine 
to establish a VCPR and to treat and diagnose conditions in companion animals without 
necessitating an office visit.  By providing veterinarians to establish a VCPR through 
telemedicine they could reach clients who live great distances from a veterinary clinic, who live 
in an area where demand outstrips supply or who find the scheduling or logistics of a veterinary 
appointment a barrier to accessing care.  Figure 7 acts as a concise tool to initiate discussions 
around how each of the themes need to be considered as it functions under each of the main 
concepts.  Table 3 then provides the detailed documentation of the various policy options that 
already exist within human medicine. 
Conclusion 
 There are a number of policy arenas that can impact the access to care in veterinary 
medicine.  After a brief review of these, policies that impact telemedicine – and specifically 
those that provide guidance on the establishment of a VCPR through telemedicine were argued 
to provide a clear policy stream in veterinary access to care.  The prevalence of policy 
alternatives was quite limited in a nationwide review of these state level policies.  A unique 
approach was taken to identify a parallel policy stream in the state policies and position 
statements on the human health care side with direct application to veterinary policy.  The robust 





 The results of the thematic analysis clearly evidence a rich policy stream of alternatives 
for policy development in the establishment of a relationship between a care provider and their 
client(s) in the telemedicine setting in the human health care field.  The resulting alternatives 
were organized and presented as a decision figure that summarizes and identifies a policy stream 
for this issue satisfying the requirements for a policy stream under the Multiple Streams 
Framework.  The figure provided a highest order set of concept considerations followed by a 
second order of emergent themes for the thematic analysis.   
 So far, a window of opportunity has been identified and evidence of the interest of 
policymakers and politicians in addressing the issue was identified.  The problem of access to 
care was analyzed through two different approaches which illustrated a need in access to 
veterinary care in large regions of the country. This chapter identified a set of policy alternatives 
and a framework to approach the policy decision making process.  The final chapter reviews the 
MSF and exhibits how each of the preceding chapters can lead to the conclusion the current 









 Animal welfare is a large and complex topic but critical theorists and one-health 
advocates have shown distinct connections between nonhuman animals and humans.  This 
connection and resulting ethical obligation are used to position questions of animal welfare in the 
public administrative context.  Specifically, the government has a long history of engagement 
with companion animals through direct and indirect funding of animal shelters.  Combing the 
social contract argument to advance animal welfare with the government operation of animal 
shelters, a public interest case was made for government roles in the reduction of euthanasia in 
sheltering systems.  While extremely limited in scope, some evidence of the topic in the public 
administration literature was highlighted in the review of the literature.  Access to veterinary care 
was identified as an emerging and important issue in animal welfare as well as public health and 
was positioned as a potential contributor to euthanasia in shelters.  Policies surrounding A2C 
became the focus for the research project. 
 The Multiple Streams Framework was advanced as a tool to explore whether A2C could 
be positioned on the policy agenda.  While the literature in Chapter 1 was used to establish 
access to veterinary care as a public issue, Chapter 2 reviewed the MSF and established that the 
global Coronavirus pandemic provides a window of opportunity for agenda setting on this issue.  
This chapter builds on and follows a similar argument put forward in the literature in the human 
health field.  Specifically, the use of telemedicine as a tool to expand access to care focuses the 
policy discussion throughout the work.  In addition, Chapter 2 identifies a politics stream through 





theoretical framework provided the direction for the remainder of the research, namely 
identifying and defining the problem and policy streams. 
 Chapters 3 & 4 were used to identify and define the problem stream required under the 
Multiple Streams Framework.  The problem was examined at a county level of analysis and so 
both share the limitation inherent in choosing this unit of analysis, specifically the Modifiable 
Aerial Unit Problem.  Spatial analysis was used to identify areas in the United States with lower 
levels of access to care and both chapters made use of Hotspot Analysis and Outlier Analysis in 
order to examine the spatial disparities in access to care.  In all of the analysis, there were 
statistically significant areas that had lower than anticipated access to veterinary care from a 
spatial point of view. 
 The results indicated large, regional spatial barriers to care.  The contiguous nature of 
these indicates a spatial access to veterinary care problem at the county unit of analysis.  It was 
further argued that finer units of analysis could identify additional local areas of disparities in 
access.  The two chapters differed in how they approach the quantification of the problem and 
provide two complementary ways of identifying the problem.  While Chapter 3 relied on the 
simple household count, Chapter 4 attempted to refine that by using the predicted pet population 
in a region.  No one method is adequate due to the distinct limitations in the data available on the 
demographics of pet guardianship in the United States.  There is, however, overlap in the 
identified areas with regions encompassing the South Central and Appalachian areas as well as 
large portions of the State of Michigan as consistent regardless of the ratio approach increasing 
certainty and confidence in the detection of spatial disparities in these geographic locations. 
 These two chapters combine to provide two contributions to the literature.  The first 





county unit of analysis.  The maps provide evidence of a problem stream in access to care and 
serve to satisfy the problem stream required under the Multiple Streams Framework.  The second 
contribution is a series of threshold values for identifying the care provider to household (or 
number of companion animals) ratio at the county level.  This lays the groundwork for further 
and more refined examination of access to care issues.  Specifically, tools such as the many 
iterations of the floating catchment method to assess and identify access to care issues at a finer 
scale require a ratio as part of the determination of the supply side of care provision. 
 To round out the requirements under the MSF Chapter 5 was used to identify the policy 
stream.  A unique approach was taken due to a lack of policy alternatives within veterinary 
medical policy relating to the establishment of a VCPR in the telemedical setting.  Despite a lack 
of direct policy alternatives, the rich policy alternatives on the human health side of the same 
policy type were explored.  A thematic analysis was conducted to derive policy alternatives 
through a review of the laws and policy statements in each of the fifty states and the District of 
Columbia.  The results of the analysis were presented in summary form reflecting a set of policy 
alternatives that could be applied to the A2C issue under consideration.  Further, the various 
themes were discussed in detail to provide the connection of how these policies could be applied 
in veterinary medicine vs human health care.  All of the themes were found to have direct 
application.  Limiting factors were also discussed with the primary limitations being the lack of a 
system to monitor the prescription of controlled substances (opioids in particular) and the lack of 
agreed upon standards of care in veterinary medicine.  While important limitations, policy 
alternatives were advanced that could control for these limitations and specific solutions were 





 The combined result of these chapters is a clear application of the Multiple Streams 
Framework to the veterinary access to care issue.  It firmly establishes the issue in the field of 
public administration, evidences a problem, a set of policy alternatives, political interest and a 
window of opportunity.  Through this it is concluded that the climate is ripe for policy action on 
the establishment of a VCPR through telemedicine to mitigate spatial disparities in access to care 
and thus increase animal welfare and advancing a public objective of reduced euthanasia in 
animal shelters and the protection of public health.   
Policy Implications 
 In the literature review of this work, a case was made that government has a vested interest 
in the welfare of companion animals for a number of reasons ranging from the protection of public 
health to a social contract obligation to the vast expense of sheltering animals in the United States 
in government facilities.  Specifically, access to veterinary care was identified as a potential driver 
of shelter admissions (and thus government expense) and a market failure was identified for 
government intervention.  In the subsequent chapters, the problem of access to veterinary care was 
explored and large regions – as well as many smaller areas – were identified as having lower than 
anticipated spatial access to care.  There are a number of policy implications that grow out of this 
line of exploration. 
 Since access to care is an issue that can drive the surrender of animals to shelters, since 
lack of medical treatment can cause suffering that violates the social contract with companion 
animals and since this work has identified a market failure, government would have the 
opportunity to reduce or divert the cost of sheltering animals by using the money to increase access 
to veterinary care.  Since the focus of this work is on the spatial dimension of A2C – policies that 





telemedicine and the VCPR additional policies or approaches also have relevance.  For example, 
government could consider providing forgivable loans to student veterinarians who agree to 
practice for a minimum number of years in underserved communities.  Local government could 
consider setting economic incentive zones in underserved areas where practicing veterinarians 
could benefit from tax reductions.  Mobile clinics that serve these areas could also be eligible for 
such programs as tax incentives and forgivable student loans. 
 The results of these types of policies, as well as consideration of the options for the 
telemedical VCPR (as discussed in previous chapters) is that more companion animals would have 
access to much needed medical care.  This is directly tied to the problems identified in the literature 
review.  First, increased A2C would represent an attempt to honor the social contract that society 
has with government and the nonhuman animal polis.  Second, it would reduce the surrender of 
animals to shelters.  Lower numbers of animals in shelters would reduce cost to government funded 
shelters and also prevent the public health consequences of shelter staff having to euthanize large 
numbers of animals.  Third, it would help correct the market failure that currently exists in the 
veterinary medical industry.  Lastly, it would help to create a more vigilant defense, protecting the 
public health for the potential spread of zoonotic diseases. 
Practical Implications 
 The literature review in the beginning of this research advanced the idea that access to 
veterinary care is the biggest issue facing animal welfare currently.  It further positioned the 
concern of animal health and welfare as a priority for public health and public administration.  
Lastly, it was identified that a lack of access to veterinary care as a market failure implying the 
role of government and public policy in addressing the concern.  If we acknowledge these three 





 The first practical application of this research can be found in the section that analyzes the 
spatial distribution in counties with low access to veterinary care.  Large regional areas that have 
lower than anticipated access to care identify states that may give extra consideration to the policy 
alternatives in telemedicine that are discussed in the previous chapter.  The adoption of state level 
policies (or position statements) that allowed for broader use of telemedicine and establishment of 
a VCPR through electronic communication could rapidly increase access to care in regions that 
exhibit extreme spatial disparities. 
 The second practical application is the identification of baseline provider to population 
(whether measured as human household or companion animal predicted population) ratios.  These 
ratios could be used to prioritize areas that are most in need of improved access to care.  A primary 
example of a way to apply this would be the establishment of Medically Underserved Areas 
(hereafter MUA) in veterinary medicine.  MUA’s are calculated, mapped and used by federal 
programs in the arena of human access to primary medical care (“Designation of Medically 
Underserved Populations and Areas--HRSA. Notice,” 1990).  A similar program for veterinary 
medicine would be a powerful tool to prioritize areas of need.  The only shortcoming between this 
research and the methodological approach of the establishment of MUA’s is that they fail to 
consider the intersection of low direct access and low regional access.  In order to make up for 
this, it would be suggested that a veterinary medical MUA combine both the county access ratio 
derived in this research with a weighting factor based on the presence or absence of an identified 
regional coldspot.  Those counties identified in this research as statistically significant coldspot 
neighborhoods could receive a higher weighting to reflect this intersectionality. 
 Lastly, the use of MSF argues that there is an opportunity now for this issue to rise on 





prescribing rules and accelerated the normalization of electronic means of communication.  This 
was identified in Chapter 2 as the window of opportunity and a portion of the evidence of politics 
stream in veterinary access to care.  One aspect of the problem was identified in the subsequent 
chapters through spatial analysis.  While one set of policy alternatives was defined in Chapter 5, 
other policies could be adopted that could mitigate the problem.  Animal welfare organizations 
could use this work as a motivation and justification to take advantage of this identified opportunity 
to push for policy change that could increase access to care. 
Future Research 
 Access to veterinary care is a varied and complex problem that has been under-
researched.  As such, there are vast opportunities for future research that could add greatly to the 
understanding of this wicked problem.  This research examined the problem stream only from a 
spatial point of view, yet the literature review identified a number of challenges in access to care.  
Financial, cultural and other barriers (feline intransigence, access to transportation and language 
difficulties) are all additional barriers that make up the access to care problem stream.  Future 
research that explored these barriers and identified potential solutions could add greatly to the 
understanding of the problem, the measurement of the scope of the problem and the design of 
possible solutions. 
 Research that filled some of the gaps that were discussed in the policy stream chapter 
would also be important additions to the access to care canon.  This could include research in the 
veterinary medical community that establishes a baseline standard of care for common 
conditions companion animal guardians seek care to diagnose and treat.  At the same time, 
additional research that explored the continuum of incremental care could open up more options 





monitoring of the prescribing of opioids and other narcotics could also contribute to the research 
in this field.  Lastly, the evaluation of policies and policy implementation and their impact on 
animal health outcomes would provide evidence on the effectiveness of policies advanced for 
increasing access to care and would create much more robust literature that policymakers could 
use to make informed decisions on future policy. 
  Overcoming limitations of MAUP and poor pet demographic data are two additional 
ways that future research could expand on this work.  Tools such as the enhanced two-step 
floating catchment could provide a way of overcoming some of the MAUPs incurred in this 
research.  Better data on pet guardianship rates, how these rates are impacted by factors such as 
geography, socioeconomics and urban/rural communities would all improve the granular 
application of this research.  If better pet demographic data were obtained, this research design 
could be used to redo the same work only with increased confidence. 
 The research proposed so far is largely applied in nature but there are important 
theoretical explorations that exist as future research areas as well.  Work that continues to build 
on the existing body of literature that advances the legal, ethical and moral standing of 
companion animals in the community are critical to the future of a one-health society.  This 
could include theoretical work in the areas of the human-animal bond, the political theoretical 
standing of companion animals as members of the social contract and economic examination of 
the value of companion animals to modern society. 
 Access to care is an emerging and complex issue that has real implications for the health, 
wellness and ethical standing of modern society.  While there is much research still to be done, 
this work provides one lens through which to examine this problem and situate it on the agenda 





pressing issue that can be addressed through the field of public administration.  It is also a perfect 
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RESULTS HOTSPOT ANALYSIS BY HOUSEHOLD 
State County FIPS Emp:HH GiZScore GiPValue NNeighbor
s 
Gi_Bin 
Arkansas Conway 5029 1.17 -3.55 0.0004 133 -2 
Arkansas Faulkner 5045 1.29 -3.25 0.0012 135 -1 
Arkansas Grant 5053 1.67 -3.17 0.0015 139 -1 
Arkansas Independence 5063 1.27 -2.98 0.0029 151 -1 
Arkansas Pope 5115 0.00 -2.99 0.0028 130 -1 
Arkansas Saline 5125 0.00 -3.05 0.0023 139 -1 
Arkansas White 5145 0.03 -3.20 0.0014 147 -1 
Kansas Ellis 20051 2.64 2.96 0.0031 102 1 
Kansas Russell 20167 0.00 2.98 0.0029 109 1 
Montana Stillwater 30095 2.08 3.34 0.0008 27 2 
Nebraska Blaine 31009 0.00 3.31 0.0009 88 2 
Nebraska Buffalo 31019 2.84 3.27 0.0011 108 2 
Nebraska Cherry 31031 8.79 3.66 0.0003 62 2 
Nebraska Gosper 31073 5.66 2.91 0.0036 96 1 
Nebraska Kearney 31099 2.19 3.25 0.0012 111 1 
Nebraska Polk 31143 0.89 3.03 0.0024 122 1 
Nebraska Webster 31181 0.00 3.26 0.0011 115 1 
Oklahoma Beckham 40009 2.21 3.05 0.0023 105 1 
Oklahoma Caddo 40015 2.87 3.38 0.0007 111 2 
Oklahoma Cotton 40033 0.00 3.17 0.0015 118 1 
Oklahoma Custer 40039 3.27 3.39 0.0007 111 2 





Oklahoma Jackson 40065 2.41 3.25 0.0012 108 1 
Oklahoma Kiowa 40075 3.70 3.50 0.0005 107 2 
Oklahoma Roger Mills 40129 4.10 3.43 0.0006 104 2 
Oklahoma Stephens 40137 2.22 3.10 0.0019 117 1 
Oklahoma Tillman 40141 1.27 3.17 0.0015 113 1 
Oklahoma Washita 40149 3.11 3.42 0.0006 107 2 
South Dakota Tripp 46123 0.00 3.04 0.0024 70 1 
Texas Brown 48049 1.95 3.90 0.0001 111 3 
Texas Coleman 48083 3.07 3.94 0.0001 105 3 
Texas Eastland 48133 0.64 3.52 0.0004 113 2 
Texas Erath 48143 3.36 3.46 0.0005 121 2 
Texas Fisher 48151 2.38 3.67 0.0002 103 2 
Texas Gray 48179 1.67 3.01 0.0026 95 1 
Texas Irion 48235 71.32 4.69 0.0000 80 3 
Texas King 48269 169.49 4.33 0.0000 104 3 
Texas McCulloch 48307 1.48 4.15 0.0000 100 3 
Texas Nolan 48353 0.00 3.90 0.0001 99 3 
Texas Runnels 48399 1.17 4.05 0.0001 99 3 
Texas Shackelford 48417 0.00 3.84 0.0001 112 3 
Texas Stephens 48429 2.74 3.67 0.0002 115 2 
Texas Taylor 48441 1.13 4.01 0.0001 103 3 
Wyoming Big Horn 56003 8.36 3.07 0.0021 22 1 
Arkansas Clark 5019 0.81 -3.08 0.0021 137 -1 
Arkansas Cleburne 5023 1.27 -2.98 0.0028 141 -1 
Arkansas Hot Spring 5059 0.00 -3.02 0.0025 138 -1 
Arkansas Howard 5061 0.00 -3.09 0.0020 130 -1 





Arkansas Pike 5109 0.00 -3.10 0.0019 134 -1 
Arkansas Prairie 5117 0.00 -2.95 0.0031 151 -1 
Kansas Jewell 20089 0.00 3.15 0.0016 118 1 
Kansas Osborne 20141 2.39 2.89 0.0038 108 1 
Kansas Smith 20183 4.15 3.08 0.0021 113 1 
Montana Golden 
Valley 
30037 16.95 3.60 0.0003 25 2 
Montana Sweet Grass 30097 0.00 3.17 0.0015 26 1 
Nebraska Brown 31017 2.13 3.33 0.0009 84 2 
Nebraska Harlan 31083 14.29 3.37 0.0007 106 2 
Nebraska Rock 31149 6.02 3.28 0.0011 92 2 
Nebraska Sherman 31163 1.41 3.14 0.0017 108 1 
Nebraska Valley 31175 0.00 2.94 0.0033 105 1 
Oklahoma Comanche 40031 1.81 3.55 0.0004 113 2 
Oklahoma Greer 40055 0.00 3.30 0.0010 107 2 
South Dakota Brule 46015 7.75 2.97 0.0029 81 1 
Texas Borden 48033 0.00 4.23 0.0000 87 3 
Texas Callahan 48059 12.64 3.98 0.0001 109 3 
Texas Knox 48275 0.00 4.31 0.0000 111 3 
Texas Lubbock 48303 1.00 4.18 0.0000 85 3 
Texas Mills 48333 0.50 3.95 0.0001 112 3 
Texas Roberts 48393 0.00 2.98 0.0029 93 1 
Texas Scurry 48415 0.00 4.09 0.0000 94 3 
Texas Sterling 48431 0.00 4.23 0.0000 82 3 
Texas Throckmorto
n 
48447 2.79 4.05 0.0001 113 3 





Arkansas Calhoun 5013 6.86 -3.19 0.0014 143 -1 
Arkansas Cleveland 5025 4.52 -3.21 0.0013 143 -1 
Arkansas Yell 5149 0.00 -2.97 0.0030 134 -1 
Montana Wheatland 30107 7.89 3.23 0.0012 25 1 
Texas Coke 48081 0.00 4.30 0.0000 94 3 
Texas Comanche 48093 2.60 3.51 0.0005 117 2 
Texas Dickens 48125 0.00 4.08 0.0000 101 3 
Texas Foard 48155 0.00 3.12 0.0018 111 1 
Texas Hockley 48219 1.78 4.42 0.0000 75 3 
Texas Howard 48227 0.00 4.06 0.0000 83 3 
Texas Jones 48253 1.13 3.67 0.0002 107 2 
Texas Kent 48263 14.75 4.10 0.0000 100 3 
Texas Lynn 48305 0.00 4.19 0.0000 86 3 
Texas Wheeler 48483 1.83 3.12 0.0018 99 1 
Arkansas Dallas 5039 0.00 -3.20 0.0014 145 -1 
Arkansas Montgomery 5097 0.00 -2.99 0.0028 137 -1 
Arkansas Nevada 5099 0.00 -2.92 0.0035 134 -1 
Arkansas Van Buren 5141 0.00 -3.32 0.0009 138 -2 
Texas Glasscock 48173 24.29 4.43 0.0000 78 3 
Texas Martin 48317 19.32 4.63 0.0000 75 3 
Texas Mitchell 48335 2.19 3.91 0.0001 92 3 
Texas Stonewall 48433 0.00 4.05 0.0001 106 3 
Texas Crosby 48107 1.71 4.08 0.0000 96 3 
Texas Dawson 48115 5.35 4.36 0.0000 77 3 
Texas Gaines 48165 0.43 4.79 0.0000 70 3 
Texas Haskell 48207 4.46 3.72 0.0002 112 2 





Texas Midland 48329 0.56 5.05 0.0000 69 3 
Texas Reagan 48383 0.00 5.13 0.0000 72 3 
West Virginia Clay 54015 0.00 -2.99 0.0028 211 -1 
Arkansas Bradley 5011 0.00 -3.12 0.0018 146 -1 
Arkansas Jackson 5067 0.00 -3.11 0.0019 158 -1 
Texas Andrews 48003 1.46 5.06 0.0000 65 3 
Texas Castro 48069 4.44 2.95 0.0032 75 1 
Texas Cochran 48079 6.39 3.06 0.0022 72 1 
Texas Concho 48095 0.00 4.34 0.0000 96 3 
Texas Cottle 48101 0.00 3.00 0.0027 104 1 
Texas Floyd 48153 0.00 2.99 0.0028 91 1 
Texas Garza 48169 0.00 4.20 0.0000 91 3 
Texas Hale 48189 0.61 3.07 0.0021 83 1 
Texas Lamb 48279 0.00 3.16 0.0016 78 1 
Texas Terry 48445 0.93 4.24 0.0000 75 3 
Texas Yoakum 48501 0.00 4.88 0.0000 68 3 
South Dakota Mellette 46095 0.00 3.06 0.0022 58 1 
Texas Bailey 48017 0.00 3.42 0.0006 72 2 
Texas Ector 48135 2.56 5.17 0.0000 61 3 
Texas Parmer 48369 3.56 3.06 0.0022 69 1 
Texas Potter 48375 2.91 3.11 0.0019 79 1 
South Dakota Buffalo 46017 0.00 2.90 0.0037 75 1 








RESULTS OUTLIER ANALYSIS BY HOUSEHOLD 










Texas Coleman 48083 0.04 4.77 0.004 HH 104 
Texas Erath 48143 0.05 3.62 0.004 HH 120 
Texas Kent 48263 0.92 3.83 0.004 HH 99 
Texas Martin 48317 1.61 4.89 0.004 HH 74 
Texas Dawson 48115 0.27 4.37 0.006 HH 76 
Texas Ector 48135 0.01 5.01 0.002 HH 60 
Arkansas Madison 5087 -0.07 -2.35 0.002 HL 133 
Kentucky Bourbon 21017 -2.10 -2.19 0.002 HL 235 
Louisiana Bossier 22015 -0.25 -2.86 0.002 HL 134 
Maryland Garrett 24023 0.00 -2.00 0.002 HL 188 
Michigan Clinton 26037 -0.04 -2.06 0.004 HL 96 
Michigan Ionia 26067 -0.02 -2.36 0.002 HL 102 
Michigan Mecosta 26107 -0.01 -1.76 0.002 HL 87 
Mississippi Madison 28089 -0.02 -1.92 0.004 HL 157 
Missouri Barry 29009 -0.01 -1.70 0.004 HL 129 
Missouri Gasconade 29073 -0.05 -1.54 0.006 HL 151 
Missouri Howell 29091 -0.06 -2.43 0.002 HL 150 
Ohio Ashland 39005 -0.06 -1.93 0.002 HL 143 
Ohio Belmont 39013 0.00 -2.68 0.002 HL 159 
Ohio Carroll 39019 -0.03 -2.25 0.002 HL 137 
Ohio Coshocton 39031 -0.04 -2.30 0.002 HL 157 





Ohio Geauga 39055 -0.14 -1.72 0.002 HL 107 
Ohio Lorain 39093 -0.02 -1.68 0.004 HL 127 
Ohio Morrow 39117 -0.01 -2.35 0.002 HL 171 
Ohio Portage 39133 -0.01 -1.97 0.002 HL 119 
Pennsylvania Armstrong 42005 -0.03 -1.64 0.006 HL 130 
Tennessee Fayette 47047 -1.03 -2.28 0.002 HL 168 
Texas Austin 48015 -0.03 -1.75 0.004 HL 97 
Texas Delta 48119 -0.33 -2.17 0.002 HL 124 
Virginia Augusta 51015 -0.04 -2.32 0.002 HL 221 
Virginia Bedford 51019 -0.07 -1.88 0.006 HL 233 
Virginia Botetourt 51023 -0.15 -2.22 0.002 HL 227 
Virginia Culpeper 51047 -0.06 -2.06 0.004 HL 202 
Virginia Fauquier 51061 -0.06 -1.95 0.002 HL 200 
Virginia Floyd 51063 -0.07 -1.66 0.006 HL 217 
Virginia Goochland 51075 -0.43 -1.79 0.004 HL 211 
Virginia Madison 51113 -0.09 -2.14 0.002 HL 215 
Virginia Rappahannock 51157 -0.18 -2.29 0.002 HL 208 
West Virginia Grant 54023 -0.02 -2.24 0.002 HL 196 
West Virginia Greenbrier 54025 -0.02 -2.29 0.002 HL 217 
Louisiana Ouachita 22073 -0.03 -2.49 0.002 HL 149 
Michigan Antrim 26009 -0.10 -2.00 0.002 HL 57 
Michigan Benzie 26019 -0.03 -1.79 0.004 HL 72 
Missouri Dent 29065 -0.05 -2.08 0.002 HL 152 
Ohio Jackson 39079 -0.06 -1.80 0.006 HL 219 
Pennsylvania Greene 42059 0.00 -2.24 0.002 HL 168 
South Carolina Charleston 45019 -0.07 -1.94 0.002 HL 95 





Virginia Alleghany 51005 0.00 -2.02 0.004 HL 224 
Virginia Bland 51021 -0.18 -1.82 0.006 HL 217 
West Virginia Brooke 54009 -0.21 -2.45 0.002 HL 147 
West Virginia Fayette 54019 -0.01 -2.57 0.002 HL 215 
Arkansas Calhoun 5013 -0.23 -3.34 0.002 HL 142 
Arkansas Cleveland 5025 -0.10 -3.39 0.002 HL 142 
Pennsylvania Allegheny 42003 -0.03 -2.13 0.004 HL 138 
Tennessee Haywood 47075 -0.03 -1.88 0.002 HL 176 
Texas Grimes 48185 -0.37 -2.12 0.002 HL 107 
Texas Houston 48225 -0.04 -1.84 0.002 HL 118 
West Virginia Barbour 54001 -0.01 -2.37 0.002 HL 199 
Louisiana Bienville 22013 -0.07 -2.35 0.002 HL 137 
Louisiana Franklin 22041 -0.01 -2.15 0.002 HL 147 
Louisiana Morehouse 22067 -0.01 -2.38 0.002 HL 151 
Mississippi Choctaw 28019 -0.02 -1.65 0.004 HL 155 
Mississippi Hinds 28049 0.00 -1.81 0.004 HL 151 
Missouri Texas 29215 -0.04 -2.01 0.002 HL 149 
Tennessee Shelby 47157 -0.12 -2.62 0.002 HL 166 
Texas Brazos 48041 -0.02 -1.73 0.004 HL 111 
West Virginia Calhoun 54013 -0.04 -2.87 0.002 HL 208 
Louisiana Jackson 22049 -0.09 -2.34 0.002 HL 147 
Texas San Augustine 48405 -0.01 -2.11 0.002 HL 120 
Kentucky Elliott 21063 -0.15 -1.82 0.006 HL 232 
Mississippi Bolivar 28011 0.00 -2.05 0.006 HL 154 
Mississippi Issaquena 28055 -1.12 -2.59 0.002 HL 154 
Texas Brooks 48047 -0.06 -1.66 0.002 HL 38 





Texas Nolan 48353 -0.19 -3.98 0.006 LH 98 
Texas Runnels 48399 -0.11 -4.72 0.002 LH 98 
Texas Shackelford 48417 -0.18 -3.90 0.006 LH 111 
Texas Taylor 48441 -0.11 -4.29 0.006 LH 102 
Texas Borden 48033 -0.23 -4.35 0.006 LH 86 
Texas Knox 48275 -0.20 -4.11 0.004 LH 110 
Texas Lubbock 48303 -0.14 -4.34 0.006 LH 84 
Texas Mills 48333 -0.15 -3.80 0.006 LH 111 
Texas Sterling 48431 -0.23 -4.88 0.002 LH 81 
Texas Tom Green 48451 -0.12 -4.86 0.004 LH 86 
Texas Coke 48081 -0.22 -4.78 0.002 LH 93 
Texas Dickens 48125 -0.20 -4.11 0.004 LH 100 
Texas Hockley 48219 -0.07 -4.71 0.004 LH 74 
Texas Lynn 48305 -0.23 -4.53 0.004 LH 85 
Texas Stonewall 48433 -0.19 -4.35 0.004 LH 105 
Texas Crosby 48107 -0.07 -4.24 0.002 LH 95 
Texas Reagan 48383 -0.30 -5.52 0.002 LH 71 
Texas Andrews 48003 -0.13 -4.85 0.006 LH 64 
Texas Concho 48095 -0.22 -4.31 0.002 LH 95 
Texas Garza 48169 -0.22 -4.62 0.004 LH 90 
Texas Terry 48445 -0.15 -4.62 0.006 LH 74 
Texas Yoakum 48501 -0.30 -4.89 0.004 LH 67 
Arkansas Boone 5009 0.08 2.29 0.002 LL 133 
Arkansas Columbia 5027 0.07 2.68 0.002 LL 136 
Arkansas Conway 5029 0.08 3.57 0.002 LL 132 
Arkansas Faulkner 5045 0.07 3.04 0.002 LL 134 





Arkansas Garland 5051 0.07 2.81 0.002 LL 137 
Arkansas Grant 5053 0.04 3.34 0.002 LL 138 
Arkansas Greene 5055 0.09 2.39 0.002 LL 160 
Arkansas Independence 5063 0.06 3.16 0.002 LL 150 
Arkansas Little River 5081 0.12 2.88 0.002 LL 132 
Arkansas Logan 5083 0.07 2.56 0.002 LL 133 
Arkansas Lonoke 5085 0.11 2.69 0.002 LL 145 
Arkansas Miller 5091 0.10 2.43 0.002 LL 129 
Arkansas Ouachita 5103 0.12 2.87 0.002 LL 139 
Arkansas Pope 5115 0.13 3.12 0.002 LL 129 
Arkansas Randolph 5121 0.09 2.51 0.002 LL 158 
Arkansas Saline 5125 0.12 2.96 0.002 LL 138 
Arkansas Sebastian 5131 0.06 2.22 0.002 LL 132 
Arkansas White 5145 0.12 3.11 0.002 LL 146 
Louisiana Richland 22083 0.09 2.38 0.002 LL 154 
Louisiana Webster 22119 0.11 2.52 0.002 LL 135 
Michigan Alpena 26007 0.08 2.10 0.002 LL 46 
Michigan Arenac 26011 0.08 2.07 0.002 LL 63 
Michigan Bay 26017 0.02 2.30 0.002 LL 70 
Michigan Charlevoix 26029 0.08 1.97 0.002 LL 50 
Michigan Emmet 26047 0.14 2.03 0.002 LL 45 
Michigan Grand Traverse 26055 0.05 1.57 0.004 LL 66 
Michigan Huron 26063 0.02 1.81 0.002 LL 54 
Michigan Kalkaska 26079 0.12 2.15 0.002 LL 63 
Michigan Lapeer 26087 0.06 2.08 0.004 LL 79 
Michigan Livingston 26093 0.04 2.48 0.002 LL 102 





Michigan Manistee 26101 0.04 1.72 0.002 LL 78 
Michigan Midland 26111 0.10 2.14 0.002 LL 72 
Michigan Missaukee 26113 0.07 2.05 0.002 LL 68 
Michigan Montcalm 26117 0.10 2.03 0.002 LL 93 
Michigan Osceola 26133 0.10 1.88 0.004 LL 75 
Michigan Otsego 26137 0.02 2.16 0.002 LL 54 
Michigan Saginaw 26145 0.06 2.07 0.002 LL 81 
Michigan St. Clair 26147 0.05 1.77 0.002 LL 74 
Michigan Sanilac 26151 0.06 2.08 0.004 LL 62 
Michigan Shiawassee 26155 0.11 2.08 0.002 LL 92 
Michigan Tuscola 26157 0.12 2.09 0.002 LL 73 
Michigan Wexford 26165 0.10 1.83 0.004 LL 75 
Mississippi Tippah 28139 0.07 1.75 0.006 LL 167 
Missouri Perry 29157 0.07 1.95 0.002 LL 171 
Missouri Phelps 29161 0.06 1.65 0.006 LL 149 
Ohio Columbiana 39029 0.00 1.95 0.002 LL 126 
Ohio Erie 39043 0.01 1.75 0.006 LL 131 
Ohio Guernsey 39059 0.06 2.28 0.002 LL 158 
Ohio Harrison 39067 0.05 2.28 0.002 LL 144 
Ohio Huron 39077 0.06 1.74 0.004 LL 137 
Ohio Jefferson 39081 0.07 2.30 0.002 LL 141 
Ohio Knox 39083 0.02 2.12 0.002 LL 166 
Ohio Mahoning 39099 0.03 1.99 0.004 LL 119 
Ohio Monroe 39111 0.10 2.90 0.002 LL 174 
Ohio Muskingum 39119 0.07 2.48 0.002 LL 174 
Ohio Ottawa 39123 0.02 1.62 0.006 LL 130 





Ohio Seneca 39147 0.03 1.86 0.002 LL 144 
Ohio Stark 39151 0.04 2.11 0.002 LL 135 
Ohio Summit 39153 0.06 2.01 0.002 LL 127 
Ohio Trumbull 39155 0.06 1.60 0.006 LL 107 
Ohio Tuscarawas 39157 0.07 2.06 0.002 LL 142 
Ohio Washington 39167 0.05 2.58 0.002 LL 188 
Ohio Wayne 39169 0.05 1.94 0.004 LL 137 
Ohio Wyandot 39175 0.05 1.88 0.006 LL 167 
Pennsylvania Beaver 42007 0.00 2.33 0.002 LL 130 
Pennsylvania Butler 42019 0.04 1.98 0.002 LL 120 
Pennsylvania Fayette 42051 0.02 2.04 0.002 LL 173 
Pennsylvania Lawrence 42073 0.01 1.96 0.004 LL 116 
Pennsylvania Washington 42125 0.05 1.94 0.002 LL 151 
Pennsylvania Westmoreland 42129 0.03 1.87 0.004 LL 157 
Tennessee Tipton 47167 0.04 2.11 0.002 LL 170 
Texas Bowie 48037 0.07 2.73 0.002 LL 129 
Texas Camp 48063 0.03 2.23 0.002 LL 126 
Texas Cass 48067 0.04 2.61 0.002 LL 130 
Texas Guadalupe 48187 0.07 1.47 0.004 LL 94 
Texas Hardin 48199 0.01 1.72 0.004 LL 92 
Texas Harrison 48203 0.10 2.51 0.002 LL 127 
Texas Hopkins 48223 0.08 2.07 0.002 LL 129 
Texas Jasper 48241 0.02 1.88 0.002 LL 108 
Texas Red River 48387 0.05 2.19 0.002 LL 128 
Texas Robertson 48395 0.08 1.76 0.002 LL 119 
Texas Van Zandt 48467 0.07 2.10 0.002 LL 124 





Virginia Greene 51079 0.07 2.06 0.004 LL 215 
Virginia Nelson 51125 0.04 1.91 0.002 LL 223 
Virginia Orange 51137 0.03 1.79 0.002 LL 213 
Virginia Page 51139 0.04 2.24 0.002 LL 217 
Virginia Roanoke 51161 0.03 1.96 0.004 LL 221 
Virginia Rockingham 51165 0.01 2.24 0.002 LL 216 
Virginia Shenandoah 51171 0.06 2.01 0.002 LL 207 
Virginia Spotsylvania 51177 0.02 1.77 0.004 LL 201 
Virginia Warren 51187 0.06 2.02 0.004 LL 204 
Virginia Covington City 51580 0.06 1.97 0.004 LL 224 
West Virginia Doddridge 54017 0.03 3.01 0.002 LL 194 
West Virginia Hancock 54029 0.08 2.35 0.002 LL 135 
West Virginia Hardy 54031 0.04 2.11 0.002 LL 203 
West Virginia Harrison 54033 0.03 2.55 0.002 LL 188 
West Virginia Jackson 54035 0.03 1.87 0.006 LL 213 
West Virginia Kanawha 54039 0.03 1.73 0.004 LL 219 
West Virginia Lewis 54041 0.09 2.71 0.002 LL 200 
West Virginia Marion 54049 0.08 2.37 0.002 LL 186 
West Virginia Marshall 54051 0.03 2.70 0.002 LL 166 
West Virginia Pleasants 54073 0.10 2.74 0.002 LL 189 
West Virginia Preston 54077 0.07 2.07 0.002 LL 191 
West Virginia Putnam 54079 0.06 1.83 0.006 LL 223 
West Virginia Randolph 54083 0.03 2.46 0.002 LL 206 
West Virginia Ritchie 54085 0.09 2.45 0.002 LL 196 
West Virginia Taylor 54091 0.07 2.09 0.004 LL 194 
West Virginia Tucker 54093 0.08 2.40 0.002 LL 199 





West Virginia Upshur 54097 0.09 2.60 0.002 LL 199 
West Virginia Wetzel 54103 0.09 2.61 0.002 LL 176 
West Virginia Wood 54107 0.03 1.84 0.006 LL 199 
Arkansas Arkansas 5001 0.09 2.33 0.002 LL 153 
Arkansas Ashley 5003 0.10 2.63 0.002 LL 150 
Arkansas Baxter 5005 0.09 2.76 0.002 LL 137 
Arkansas Clark 5019 0.09 3.19 0.002 LL 136 
Arkansas Clay 5021 0.09 2.31 0.002 LL 168 
Arkansas Cleburne 5023 0.06 3.03 0.002 LL 140 
Arkansas Craighead 5031 0.03 2.54 0.002 LL 162 
Arkansas Cross 5037 0.05 2.31 0.004 LL 156 
Arkansas Hot Spring 5059 0.12 2.83 0.002 LL 137 
Arkansas Howard 5061 0.13 3.19 0.002 LL 129 
Arkansas Johnson 5071 0.12 3.10 0.002 LL 132 
Arkansas Perry 5105 0.15 3.45 0.002 LL 133 
Arkansas Pike 5109 0.13 3.15 0.002 LL 133 
Arkansas Prairie 5117 0.11 2.78 0.002 LL 150 
Arkansas Pulaski 5119 0.08 2.61 0.002 LL 141 
Arkansas Union 5139 0.08 2.63 0.002 LL 142 
Arkansas Washington 5143 0.08 1.97 0.002 LL 129 
Illinois Randolph 17157 0.04 1.70 0.006 LL 168 
Louisiana Rapides 22079 0.04 1.54 0.002 LL 125 
Louisiana Union 22111 0.11 2.93 0.002 LL 147 
Michigan Crawford 26039 0.05 2.10 0.002 LL 59 
Michigan Eaton 26045 0.05 1.83 0.006 LL 106 
Michigan Gladwin 26051 0.12 2.09 0.002 LL 66 





Michigan Ingham 26065 0.05 2.06 0.002 LL 105 
Michigan Kent 26081 0.04 1.94 0.006 LL 105 
Michigan Oakland 26125 0.05 2.00 0.002 LL 93 
Michigan Washtenaw 26161 0.02 1.72 0.004 LL 113 
Mississippi DeSoto 28033 0.02 2.01 0.004 LL 161 
Mississippi Panola 28107 0.02 2.37 0.002 LL 162 
Mississippi Warren 28149 0.03 1.94 0.002 LL 154 
Missouri Butler 29023 0.01 2.01 0.004 LL 167 
Missouri Carter 29035 0.07 1.66 0.004 LL 161 
Missouri St. Francois 29187 0.05 1.71 0.004 LL 166 
Missouri Shannon 29203 0.05 2.25 0.002 LL 156 
Missouri Taney 29213 0.07 1.70 0.006 LL 133 
Ohio Marion 39101 0.08 2.32 0.004 LL 174 
Ohio Wood 39173 0.02 1.96 0.004 LL 143 
Texas Fayette 48149 0.02 1.49 0.006 LL 99 
Texas Franklin 48159 0.03 2.40 0.002 LL 129 
Texas Gregg 48183 0.02 2.25 0.002 LL 127 
Texas Henderson 48213 0.07 1.91 0.004 LL 124 
Texas Lamar 48277 0.04 1.83 0.002 LL 125 
Texas Panola 48365 0.10 2.38 0.002 LL 129 
Texas Rains 48379 0.08 1.77 0.006 LL 126 
Texas Rusk 48401 0.09 2.24 0.002 LL 127 
Texas San Jacinto 48407 0.09 1.98 0.004 LL 102 
Texas Smith 48423 0.03 2.09 0.002 LL 128 
Texas Upshur 48459 0.08 2.06 0.002 LL 127 
Virginia Craig 51045 0.07 2.07 0.004 LL 223 





Virginia Rockbridge 51163 0.05 2.26 0.002 LL 227 
Virginia Staunton City 51790 0.07 2.35 0.002 LL 220 
Virginia Waynesboro 
City 
51820 0.07 2.06 0.004 LL 218 
West Virginia Mercer 54055 0.01 1.86 0.006 LL 220 
West Virginia Monongalia 54061 0.08 2.33 0.002 LL 187 
West Virginia Nicholas 54067 0.08 2.40 0.002 LL 212 
West Virginia Ohio 54069 0.09 2.48 0.002 LL 155 
West Virginia Pendleton 54071 0.08 2.23 0.002 LL 213 
Arkansas Carroll 5015 0.08 2.14 0.002 LL 134 
Arkansas Izard 5065 0.10 2.44 0.002 LL 145 
Arkansas Lawrence 5075 0.10 2.38 0.002 LL 156 
Arkansas Marion 5089 0.10 2.55 0.002 LL 136 
Arkansas Poinsett 5111 0.07 2.70 0.002 LL 163 
Arkansas Searcy 5129 0.11 2.82 0.002 LL 136 
Arkansas Sharp 5135 0.09 2.32 0.002 LL 151 
Arkansas Yell 5149 0.12 2.92 0.002 LL 133 
Louisiana Catahoula 22025 0.05 1.76 0.002 LL 139 
Louisiana Jefferson Davis 22053 0.08 1.57 0.004 LL 96 
Louisiana LaSalle 22059 0.05 1.73 0.006 LL 141 
Louisiana Red River 22081 0.09 2.20 0.002 LL 137 
Louisiana West Carroll 22123 0.09 2.23 0.002 LL 155 
Michigan Alcona 26001 0.13 1.88 0.002 LL 51 
Michigan Cheboygan 26031 0.03 2.07 0.002 LL 45 
Michigan Clare 26035 0.02 2.13 0.002 LL 70 
Michigan Genesee 26049 0.06 2.34 0.002 LL 89 





Michigan Oscoda 26135 0.14 1.97 0.002 LL 56 
Michigan Presque Isle 26141 0.06 1.68 0.002 LL 41 
Mississippi Grenada 28043 0.03 1.76 0.006 LL 156 
Mississippi Tate 28137 0.08 2.15 0.002 LL 160 
Missouri Douglas 29067 0.01 1.97 0.002 LL 138 
Missouri Iron 29093 0.06 1.84 0.004 LL 163 
Missouri Reynolds 29179 0.06 1.76 0.004 LL 159 
Missouri Ripley 29181 0.06 2.17 0.002 LL 161 
Missouri Wright 29229 0.06 1.73 0.006 LL 140 
Ohio Cuyahoga 39035 0.04 1.88 0.004 LL 114 
Ohio Noble 39121 0.09 2.56 0.002 LL 172 
Oklahoma McCurtain 40089 0.07 2.29 0.002 LL 129 
South Carolina Beaufort 45013 0.00 1.84 0.002 LL 114 
Texas Cherokee 48073 0.03 2.18 0.004 LL 127 
Texas Freestone 48161 0.02 1.75 0.004 LL 124 
Texas Jefferson 48245 0.04 1.76 0.006 LL 79 
Texas Morris 48343 0.06 2.40 0.002 LL 129 
Texas Nacogdoches 48347 0.06 2.22 0.002 LL 121 
Texas Polk 48373 0.04 1.98 0.002 LL 104 
Texas Tyler 48457 0.07 2.19 0.002 LL 108 
Texas Wood 48499 0.05 2.10 0.002 LL 127 
Virginia Buena Vista 
City 
51530 0.07 2.20 0.002 LL 230 
Virginia Salem City 51775 0.06 1.81 0.004 LL 221 
West Virginia Braxton 54007 0.09 2.50 0.002 LL 206 
West Virginia Monroe 54063 0.07 2.28 0.002 LL 215 





West Virginia Summers 54089 0.07 2.16 0.002 LL 220 
Arkansas Dallas 5039 0.13 3.22 0.002 LL 144 
Arkansas Fulton 5049 0.10 2.24 0.002 LL 147 
Arkansas Mississippi 5093 0.07 1.92 0.002 LL 165 
Arkansas Monroe 5095 0.10 2.51 0.002 LL 152 
Arkansas Montgomery 5097 0.12 2.90 0.002 LL 136 
Arkansas Nevada 5099 0.12 3.03 0.002 LL 133 
Arkansas Newton 5101 0.11 2.56 0.002 LL 128 
Arkansas Scott 5127 0.10 2.44 0.002 LL 133 
Arkansas Van Buren 5141 0.14 3.39 0.002 LL 137 
Louisiana Acadia 22001 0.01 1.67 0.004 LL 101 
Louisiana Caddo 22017 0.07 2.52 0.002 LL 134 
Louisiana De Soto 22031 0.04 1.97 0.002 LL 135 
Louisiana Grant 22043 0.06 1.70 0.002 LL 136 
Louisiana Lincoln 22061 0.06 2.55 0.002 LL 140 
Louisiana Natchitoches 22069 0.03 2.44 0.002 LL 135 
Louisiana Winn 22127 0.06 2.05 0.002 LL 140 
Michigan Iosco 26069 0.11 1.86 0.002 LL 58 
Michigan Isabella 26073 0.05 2.04 0.002 LL 80 
Michigan Mackinac 26097 0.14 1.74 0.002 LL 35 
Michigan Montmorency 26119 0.07 1.84 0.002 LL 48 
Michigan Roscommon 26143 0.07 2.13 0.002 LL 63 
Mississippi Calhoun 28013 0.04 1.59 0.006 LL 155 
Missouri Oregon 29149 0.06 2.00 0.002 LL 152 
Missouri Washington 29221 0.06 1.72 0.004 LL 161 
Texas Anderson 48001 0.07 1.99 0.006 LL 124 





Texas Liberty 48291 0.07 1.72 0.002 LL 84 
Texas Marion 48315 0.10 2.31 0.002 LL 126 
Texas Montgomery 48339 0.03 1.91 0.006 LL 94 
Texas Sabine 48403 0.06 1.96 0.002 LL 124 
Texas Shelby 48419 0.10 2.45 0.002 LL 128 
Texas Trinity 48455 0.09 1.90 0.004 LL 113 
Virginia Lynchburg City 51680 0.06 1.92 0.006 LL 230 
Virginia Roanoke City 51770 0.06 1.90 0.002 LL 225 
West Virginia Gilmer 54021 0.09 2.62 0.002 LL 201 
Arkansas Crittenden 5035 0.07 2.15 0.002 LL 159 
Arkansas Hempstead 5057 0.04 2.56 0.002 LL 133 
Arkansas Jefferson 5069 0.11 2.63 0.002 LL 144 
Arkansas Lafayette 5073 0.11 2.77 0.002 LL 134 
Arkansas Polk 5113 0.09 2.45 0.002 LL 135 
Arkansas Stone 5137 0.11 2.78 0.002 LL 140 
Louisiana Caldwell 22021 0.01 2.18 0.002 LL 148 
Michigan Wayne 26163 0.07 1.91 0.002 LL 104 
Missouri Ozark 29153 0.05 2.20 0.004 LL 136 
Ohio Holmes 39075 0.08 2.06 0.002 LL 148 
Texas Titus 48449 0.05 2.36 0.002 LL 129 
Virginia Prince William 51153 0.01 1.87 0.006 LL 192 
Virginia Lexington City 51678 0.07 2.24 0.002 LL 230 
West Virginia Boone 54005 0.03 1.75 0.006 LL 220 
West Virginia Clay 54015 0.10 2.84 0.002 LL 210 
West Virginia Webster 54101 0.09 2.90 0.002 LL 207 
Arkansas Bradley 5011 0.12 3.11 0.002 LL 145 





Arkansas Drew 5043 0.09 2.49 0.002 LL 147 
Arkansas Jackson 5067 0.12 2.98 0.002 LL 157 
Arkansas Lincoln 5079 0.10 2.49 0.002 LL 148 
Arkansas St. Francis 5123 0.10 2.50 0.002 LL 159 
Arkansas Sevier 5133 0.12 2.93 0.002 LL 133 
Arkansas Woodruff 5147 0.10 2.50 0.002 LL 156 
Missouri Dunklin 29069 0.03 2.38 0.002 LL 167 
Arkansas Desha 5041 0.09 2.30 0.002 LL 152 
Texas Karnes 48255 0.07 1.31 0.006 LL 81 
Texas Kenedy 48261 0.12 1.64 0.004 LL 37 
Louisiana Claiborne 22027 0.07 2.84 0.002 LL 137 
Louisiana Tensas 22107 0.07 1.86 0.002 LL 152 
Mississippi Coahoma 28027 0.09 2.55 0.002 LL 157 
Mississippi Leflore 28083 0.07 1.81 0.006 LL 155 
Mississippi Quitman 28119 0.09 2.43 0.002 LL 157 
Tennessee Lauderdale 47097 0.07 2.04 0.002 LL 171 
Virginia Harrisonburg 
City 
51660 0.07 2.16 0.004 LL 219 
Arkansas Lee 5077 0.01 2.54 0.002 LL 154 
Louisiana East Carroll 22035 0.01 2.02 0.002 LL 151 
Mississippi Sharkey 28125 0.08 2.01 0.002 LL 153 
Mississippi Tallahatchie 28135 0.05 2.03 0.002 LL 157 
Mississippi Tunica 28143 0.10 2.59 0.002 LL 159 
Mississippi Washington 28151 0.05 1.97 0.006 LL 156 
Missouri Pemiscot 29155 0.08 2.15 0.004 LL 169 
Tennessee Lake 47095 0.06 1.63 0.006 LL 171 





Louisiana Madison 22065 0.05 1.95 0.004 LL 155 
Mississippi Humphreys 28053 0.07 1.83 0.006 LL 157 
Mississippi Sunflower 28133 0.06 2.06 0.002 LL 158 
Texas Starr 48427 0.13 1.25 0.006 LL 29 
Mississippi Scott 28123 0.05 1.96 0.004 LL 151 









RESULTS HOTSPOT ANALYSIS BY COMPANION ANIMAL POPULATION 










Arkansas Cleburne 5023 0.74 -3.66 0.0003 139 -3 
Arkansas Cleveland 5025 2.61 -3.67 0.0002 142 -3 
Arkansas Conway 5029 0.68 -4.04 0.0001 132 -3 
Arkansas Dallas 5039 0.00 -3.62 0.0003 145 -3 
Arkansas Faulkner 5045 0.74 -3.85 0.0001 135 -3 
Arkansas Grant 5053 0.96 -3.67 0.0002 139 -3 
Arkansas Independence 5063 0.74 -3.62 0.0003 150 -3 
Arkansas Jackson 5067 0.00 -3.83 0.0001 157 -3 
Arkansas Perry 5105 0.00 -3.95 0.0001 134 -3 
Arkansas Prairie 5117 0.00 -3.75 0.0002 149 -3 
Arkansas Van Buren 5141 0.00 -3.86 0.0001 138 -3 
Arkansas White 5145 0.02 -3.93 0.0001 146 -3 
Arkansas Woodruff 5147 0.00 -3.59 0.0003 157 -3 
Tennessee Shelby 47157 3.51 -3.59 0.0003 166 -3 
Arkansas Arkansas 5001 0.15 -3.29 0.0010 153 -2 
Arkansas Ashley 5003 0.00 -3.20 0.0014 151 -2 
Arkansas Baxter 5005 0.33 -3.26 0.0011 138 -2 
Arkansas Boone 5009 0.37 -2.99 0.0028 135 -2 
Arkansas Bradley 5011 0.00 -3.57 0.0004 146 -2 
Arkansas Calhoun 5013 3.96 -3.51 0.0004 140 -2 





Arkansas Columbia 5027 0.63 -3.02 0.0025 136 -2 
Arkansas Craighead 5031 0.99 -3.32 0.0009 162 -2 
Arkansas Crittenden 5035 0.25 -3.18 0.0015 160 -2 
Arkansas Cross 5037 0.68 -3.24 0.0012 156 -2 
Arkansas Desha 5041 0.00 -3.19 0.0014 153 -2 
Arkansas Drew 5043 0.00 -3.06 0.0022 148 -2 
Arkansas Fulton 5049 0.00 -2.93 0.0033 146 -2 
Arkansas Garland 5051 0.61 -3.26 0.0011 136 -2 
Arkansas Greene 5055 0.00 -3.00 0.0027 159 -2 
Arkansas Hot Spring 5059 0.00 -3.41 0.0006 138 -2 
Arkansas Izard 5065 0.00 -3.19 0.0014 146 -2 
Arkansas Jefferson 5069 0.00 -3.43 0.0006 146 -2 
Arkansas Johnson 5071 0.00 -3.43 0.0006 133 -2 
Arkansas Lawrence 5075 0.00 -3.06 0.0022 157 -2 
Arkansas Lee 5077 1.36 -3.47 0.0005 154 -2 
Arkansas Lincoln 5079 0.00 -3.26 0.0011 149 -2 
Arkansas Lonoke 5085 0.00 -3.44 0.0006 145 -2 
Arkansas Marion 5089 0.00 -3.03 0.0024 137 -2 
Arkansas Monroe 5095 0.00 -3.51 0.0004 153 -2 
Arkansas Montgomery 5097 0.00 -3.35 0.0008 137 -2 
Arkansas Nevada 5099 0.00 -3.21 0.0013 134 -2 
Arkansas Newton 5101 0.00 -3.19 0.0014 129 -2 
Arkansas Ouachita 5103 0.00 -3.25 0.0012 139 -2 
Arkansas Phillips 5107 0.00 -3.37 0.0008 158 -2 
Arkansas Pike 5109 0.00 -3.31 0.0009 132 -2 
Arkansas Poinsett 5111 0.41 -3.48 0.0005 163 -2 





Arkansas Pulaski 5119 0.30 -3.23 0.0012 142 -2 
Arkansas Randolph 5121 0.00 -2.98 0.0029 159 -2 
Arkansas St. Francis 5123 0.00 -3.49 0.0005 160 -2 
Arkansas Saline 5125 0.00 -3.52 0.0004 137 -2 
Arkansas Searcy 5129 0.00 -3.34 0.0008 137 -2 
Arkansas Sharp 5135 0.00 -2.97 0.0030 152 -2 
Arkansas Stone 5137 0.00 -3.31 0.0009 141 -2 
Arkansas Union 5139 0.35 -3.07 0.0021 144 -2 
Arkansas Yell 5149 0.00 -3.36 0.0008 132 -2 
Louisiana Union 22111 0.00 -3.01 0.0026 148 -2 
Arkansas Franklin 5047 0.32 -3.03 0.0024 131 -2 
Arkansas Howard 5061 0.00 -3.34 0.0008 130 -2 
Arkansas Little River 5081 0.00 -3.01 0.0026 133 -2 
Arkansas Logan 5083 0.59 -3.11 0.0018 133 -2 
Arkansas Madison 5087 2.47 -2.94 0.0033 133 -2 
Arkansas Polk 5113 0.21 -3.05 0.0023 136 -2 
Arkansas Scott 5127 0.00 -2.99 0.0028 134 -2 
Arkansas Sevier 5133 0.00 -3.11 0.0019 133 -2 
Mississippi Coahoma 28027 0.00 -3.38 0.0007 157 -2 
Mississippi DeSoto 28033 1.08 -3.16 0.0016 162 -2 
Mississippi Grenada 28043 0.81 -2.94 0.0033 157 -2 
Mississippi Marshall 28093 0.00 -2.96 0.0031 167 -2 
Mississippi Panola 28107 1.17 -3.34 0.0008 163 -2 
Mississippi Quitman 28119 0.00 -3.41 0.0007 158 -2 
Mississippi Sunflower 28133 0.27 -3.03 0.0024 159 -2 
Mississippi Tallahatchie 28135 0.62 -3.07 0.0021 157 -2 





Mississippi Tunica 28143 0.00 -3.52 0.0004 159 -2 
Tennessee Fayette 47047 20.18 -2.98 0.0028 167 -2 
Tennessee Tipton 47167 0.81 -3.06 0.0022 168 -2 
Ohio Monroe 39111 0.00 -3.01 0.0026 174 -2 
Ohio Washington 39167 0.99 -3.04 0.0024 189 -2 
West Virginia Calhoun 54013 2.08 -3.03 0.0025 207 -2 
West Virginia Clay 54015 0.00 -3.23 0.0012 211 -2 
West Virginia Pleasants 54073 0.00 -3.10 0.0019 190 -2 
Arkansas Carroll 5015 0.24 -2.76 0.0057 135 -1 
Arkansas Chicot 5017 0.00 -2.71 0.0067 151 -1 
Arkansas Clay 5021 0.00 -2.89 0.0038 168 -1 
Mississippi Bolivar 28011 1.50 -2.90 0.0038 154 -1 
Arkansas Lafayette 5073 0.00 -2.87 0.0040 133 -1 
Arkansas Mississippi 5093 0.16 -2.85 0.0043 165 -1 
Louisiana Bossier 22015 8.51 -2.61 0.0091 135 -1 
Louisiana Claiborne 22027 1.04 -2.84 0.0045 138 -1 
Louisiana East Carroll 22035 2.39 -2.58 0.0100 152 -1 
Louisiana Jackson 22049 4.96 -2.61 0.0090 147 -1 
Louisiana Lincoln 22061 1.05 -2.77 0.0056 141 -1 
Louisiana Morehouse 22067 2.87 -2.80 0.0051 152 -1 
Louisiana Ouachita 22073 3.42 -2.67 0.0075 149 -1 
Louisiana Richland 22083 0.00 -2.58 0.0098 155 -1 
Louisiana Webster 22119 0.00 -2.64 0.0083 134 -1 
Louisiana West Carroll 22123 0.00 -2.80 0.0051 156 -1 
Mississippi Alcorn 28003 0.78 -2.59 0.0097 175 -1 
Mississippi Attala 28007 1.19 -2.72 0.0065 154 -1 





Mississippi Calhoun 28013 0.69 -2.88 0.0040 156 -1 
Mississippi Carroll 28015 4.12 -2.84 0.0045 155 -1 
Mississippi Chickasaw 28017 0.00 -2.66 0.0078 155 -1 
Oklahoma McCurtain 40089 0.42 -2.63 0.0084 131 -1 
Texas Bowie 48037 0.86 -2.84 0.0045 130 -1 
Texas Cass 48067 1.30 -2.70 0.0070 130 -1 
Texas Franklin 48159 1.47 -2.59 0.0096 129 -1 
Texas Harrison 48203 0.26 -2.48 0.0131 126 -1 
Texas Morris 48343 0.93 -2.66 0.0078 130 -1 
Texas Red River 48387 1.07 -2.60 0.0094 129 -1 
Texas Titus 48449 0.95 -2.59 0.0097 130 -1 
Mississippi Choctaw 28019 1.88 -2.77 0.0057 156 -1 
Arkansas Hempstead 5057 0.86 -2.87 0.0040 134 -1 
Arkansas Miller 5091 0.00 -2.60 0.0094 130 -1 
Arkansas Sebastian 5131 0.43 -2.72 0.0064 132 -1 
Arkansas Washington 5143 0.00 -2.53 0.0113 129 -1 
Louisiana Caddo 22017 0.78 -2.65 0.0081 135 -1 
Mississippi Clay 28025 3.90 -2.60 0.0094 158 -1 
Mississippi Holmes 28051 0.17 -2.75 0.0059 154 -1 
Mississippi Humphreys 28053 0.00 -2.70 0.0070 158 -1 
Mississippi Issaquena 28055 17.80 -2.63 0.0085 154 -1 
Mississippi Lafayette 28071 1.29 -2.74 0.0061 161 -1 
Mississippi Leflore 28083 0.00 -2.92 0.0034 154 -1 
Mississippi Madison 28089 1.80 -2.65 0.0081 156 -1 
Mississippi Montgomery 28097 0.00 -2.84 0.0045 157 -1 
Mississippi Oktibbeha 28105 8.64 -2.57 0.0103 155 -1 





Mississippi Prentiss 28117 0.30 -2.53 0.0114 166 -1 
Mississippi Scott 28123 0.44 -2.48 0.0132 152 -1 
Mississippi Sharkey 28125 0.00 -2.64 0.0084 153 -1 
Mississippi Tippah 28139 0.00 -2.82 0.0048 169 -1 
Mississippi Union 28145 0.00 -2.55 0.0108 165 -1 
Mississippi Washington 28151 0.41 -2.76 0.0057 155 -1 
Mississippi Webster 28155 0.00 -2.79 0.0053 156 -1 
Mississippi Winston 28159 0.00 -2.55 0.0108 152 -1 
Mississippi Yalobusha 28161 0.00 -2.93 0.0034 158 -1 
Missouri Douglas 29067 1.64 -2.46 0.0141 139 -1 
Missouri Dunklin 29069 1.23 -2.84 0.0045 169 -1 
Missouri Howell 29091 3.07 -2.71 0.0068 149 -1 
Missouri Oregon 29149 0.51 -2.53 0.0116 153 -1 
Missouri Ozark 29153 0.92 -2.67 0.0075 137 -1 
Missouri Pemiscot 29155 0.00 -2.80 0.0051 169 -1 
Missouri Ripley 29181 0.39 -2.67 0.0077 163 -1 
Missouri Shannon 29203 0.88 -2.55 0.0108 156 -1 
Tennessee Carroll 47017 3.32 -2.60 0.0094 195 -1 
Tennessee Crockett 47033 2.59 -2.62 0.0087 182 -1 
Tennessee Dyer 47045 0.21 -2.49 0.0127 173 -1 
Tennessee Gibson 47053 0.29 -2.64 0.0084 180 -1 
Tennessee Hardeman 47069 0.86 -2.68 0.0073 171 -1 
Tennessee Haywood 47075 2.40 -2.89 0.0039 177 -1 
Tennessee Lauderdale 47097 0.00 -2.93 0.0034 172 -1 
Tennessee McNairy 47109 0.74 -2.56 0.0105 179 -1 
Tennessee Madison 47113 0.00 -2.50 0.0124 181 -1 





West Virginia Harrison 54033 0.91 -2.56 0.0106 188 -1 
West Virginia Lewis 54041 0.00 -2.77 0.0055 201 -1 
West Virginia Pocahontas 54075 0.00 -2.46 0.0137 219 -1 
West Virginia Upshur 54097 0.00 -2.45 0.0141 198 -1 
West Virginia Webster 54101 0.00 -2.90 0.0038 207 -1 
Kentucky Bourbon 21017 51.96 -2.48 0.0132 237 -1 
Kentucky Clark 21049 6.13 -2.52 0.0119 234 -1 
Kentucky Fayette 21067 1.09 -2.46 0.0139 235 -1 
Kentucky Bath 21011 12.33 -2.61 0.0091 234 -1 
Kentucky Boyd 21019 1.22 -2.57 0.0101 234 -1 
Kentucky Carter 21043 0.82 -2.72 0.0066 235 -1 
Kentucky Elliott 21063 5.88 -2.75 0.0060 232 -1 
Kentucky Fleming 21069 3.56 -2.64 0.0084 233 -1 
Kentucky Menifee 21165 0.00 -2.51 0.0120 237 -1 
Kentucky Morgan 21175 0.00 -2.64 0.0084 237 -1 
Kentucky Rowan 21205 0.00 -2.75 0.0059 239 -1 
Kentucky Wolfe 21237 0.00 -2.53 0.0113 242 -1 
West Virginia Boone 54005 0.70 -2.50 0.0124 219 -1 
West Virginia Fayette 54019 1.67 -2.88 0.0040 216 -1 
West Virginia Kanawha 54039 0.75 -2.48 0.0133 219 -1 
West Virginia Nicholas 54067 0.00 -2.52 0.0118 212 -1 
West Virginia Wayne 54099 0.00 -2.51 0.0121 234 -1 
Kentucky Bracken 21023 1.16 -2.48 0.0130 233 -1 
Kentucky Greenup 21089 2.46 -2.88 0.0040 233 -1 
Kentucky Lewis 21135 0.00 -2.62 0.0087 230 -1 
Kentucky Mason 21161 0.00 -2.53 0.0113 229 -1 





Michigan Gratiot 26057 0.69 -2.45 0.0141 85 -1 
Michigan Livingston 26093 1.24 -2.55 0.0108 101 -1 
Ohio Adams 39001 0.00 -2.52 0.0118 228 -1 
Ohio Belmont 39013 2.13 -2.80 0.0051 160 -1 
Ohio Carroll 39019 2.66 -2.46 0.0138 138 -1 
Ohio Coshocton 39031 2.99 -2.53 0.0115 158 -1 
Ohio Gallia 39053 0.55 -2.62 0.0088 220 -1 
Ohio Guernsey 39059 0.76 -2.63 0.0086 159 -1 
Ohio Harrison 39067 0.84 -2.47 0.0135 143 -1 
Ohio Hocking 39073 0.36 -2.47 0.0134 202 -1 
Ohio Jackson 39079 4.15 -2.64 0.0084 219 -1 
Ohio Jefferson 39081 0.59 -2.54 0.0112 142 -1 
Ohio Knox 39083 1.50 -2.53 0.0114 166 -1 
Ohio Lawrence 39087 1.83 -2.59 0.0097 231 -1 
Ohio Marion 39101 0.00 -2.76 0.0059 175 -1 
Ohio Morrow 39117 2.29 -2.74 0.0062 171 -1 
Ohio Muskingum 39119 0.28 -2.83 0.0047 175 -1 
Ohio Noble 39121 0.00 -2.85 0.0043 172 -1 
Ohio Pike 39131 0.37 -2.47 0.0134 224 -1 
Ohio Ross 39141 0.00 -2.54 0.0110 220 -1 
Ohio Scioto 39145 0.95 -2.59 0.0095 226 -1 
Ohio Wyandot 39175 0.72 -2.46 0.0139 167 -1 
West Virginia Braxton 54007 0.00 -2.89 0.0039 204 -1 
West Virginia Cabell 54011 0.91 -2.55 0.0106 226 -1 
West Virginia Doddridge 54017 0.92 -2.78 0.0054 193 -1 
West Virginia Gilmer 54021 0.00 -2.75 0.0059 202 -1 





West Virginia Mason 54053 1.05 -2.58 0.0099 217 -1 
West Virginia Ohio 54069 0.00 -2.57 0.0103 156 -1 
West Virginia Putnam 54079 0.08 -2.57 0.0100 223 -1 
West Virginia Ritchie 54085 0.00 -2.75 0.0060 195 -1 
West Virginia Tyler 54095 1.39 -2.89 0.0038 189 -1 








RESULTS OUTLIER ANALYSIS BY COMPANION ANIMAL POPULATION 
















Texas Starr 48427 0.0000 0.14 1.51 0.004 LL 29 
Louisiana Catahoula 22025 0.7806 0.05 2.02 0.002 LL 138 
Louisiana Grant 22043 0.6479 0.05 1.89 0.006 LL 135 
Louisiana La Salle 22059 0.7356 0.05 2.01 0.002 LL 141 
Louisiana Natchitoches 22069 1.7820 0.01 2.16 0.004 LL 135 
Louisiana Red River 22081 0.0000 0.09 2.36 0.002 LL 137 
Louisiana Sabine 22085 0.5023 0.06 1.74 0.008 LL 130 
Louisiana Tensas 22107 0.0000 0.08 1.98 0.002 LL 151 
Louisiana Winn 22127 0.7663 0.06 2.11 0.002 LL 140 
Mississippi Adams 28001 1.5643 0.02 1.77 0.006 LL 136 
Mississippi Amite 28005 1.7808 0.01 1.62 0.008 LL 125 
Mississippi Claiborne 28021 0.0000 0.08 2.08 0.008 LL 149 
Mississippi Copiah 28029 0.8283 0.05 1.91 0.002 LL 145 
Mississippi Harrison 28047 1.0010 0.04 1.63 0.01 LL 96 
Mississippi Jackson 28059 1.3188 0.03 1.61 0.01 LL 95 
Mississippi Jasper 28061 1.0817 0.04 1.95 0.002 LL 144 
Mississippi Jefferson 28063 0.0000 0.07 1.79 0.004 LL 143 
Mississippi Jones 28067 0.5572 0.05 1.71 0.002 LL 131 
Mississippi Lawrence 28077 0.0000 0.08 1.85 0.008 LL 136 
Mississippi Simpson 28127 1.0288 0.04 2.12 0.002 LL 145 





Mississippi Walthall 28147 0.0000 0.07 1.59 0.01 LL 122 
Alabama Franklin 1059 0.3374 0.07 2.10 0.004 LL 174 
Alabama Lamar 1075 0.5654 0.06 1.96 0.004 LL 160 
Alabama Lauderdale 1077 0.8652 0.04 1.63 0.012 LL 185 
Alabama Marion 1093 0.0000 0.08 2.18 0.004 LL 171 
Arkansas Arkansas 5001 0.1507 0.12 3.34 0.002 LL 152 
Arkansas Ashley 5003 0.0000 0.13 3.35 0.002 LL 150 
Arkansas Baxter 5005 0.3309 0.11 3.38 0.002 LL 137 
Arkansas Boone 5009 0.3674 0.10 3.04 0.002 LL 134 
Arkansas Bradley 5011 0.0000 0.15 3.68 0.002 LL 145 
Arkansas Carroll 5015 0.2444 0.10 2.51 0.002 LL 134 
Arkansas Chicot 5017 0.0000 0.11 2.75 0.002 LL 150 
Arkansas Clark 5019 0.4677 0.11 3.57 0.002 LL 136 
Arkansas Clay 5021 0.0000 0.11 2.84 0.002 LL 167 
Arkansas Cleburne 5023 0.7357 0.10 3.64 0.002 LL 138 
Mississippi Bolivar 28011 1.5047 0.03 2.98 0.002 LL 153 
Arkansas Columbia 5027 0.6264 0.09 3.00 0.002 LL 135 
Arkansas Conway 5029 0.6781 0.12 3.67 0.002 LL 131 
Arkansas Craighead 5031 0.9887 0.07 3.30 0.002 LL 161 
Arkansas Crittenden 5035 0.2510 0.11 3.18 0.002 LL 159 
Arkansas Cross 5037 0.6762 0.09 3.32 0.002 LL 155 
Arkansas Dallas 5039 0.0000 0.15 3.37 0.002 LL 144 
Arkansas Desha 5041 0.0000 0.13 3.13 0.002 LL 152 
Arkansas Drew 5043 0.0000 0.12 3.08 0.002 LL 147 
Arkansas Faulkner 5045 0.7439 0.11 3.85 0.002 LL 134 
Arkansas Fulton 5049 0.0000 0.12 2.92 0.002 LL 145 





Arkansas Grant 5053 0.9620 0.08 3.61 0.002 LL 138 
Arkansas Greene 5055 0.0000 0.12 2.98 0.002 LL 158 
Arkansas Hot Spring 5059 0.0000 0.14 3.35 0.002 LL 137 
Arkansas Independence 5063 0.7354 0.09 3.44 0.002 LL 149 
Arkansas Izard 5065 0.0000 0.13 3.03 0.002 LL 145 
Arkansas Jackson 5067 0.0000 0.15 3.88 0.002 LL 156 
Arkansas Jefferson 5069 0.0000 0.14 3.35 0.002 LL 145 
Arkansas Johnson 5071 0.0000 0.15 3.64 0.002 LL 132 
Arkansas Lafayette 5073 0.0000 0.12 2.87 0.002 LL 132 
Arkansas Lawrence 5075 0.0000 0.12 3.04 0.002 LL 156 
Arkansas Lee 5077 1.3566 0.05 3.47 0.002 LL 153 
Arkansas Lincoln 5079 0.0000 0.13 3.07 0.002 LL 148 
Arkansas Lonoke 5085 0.0000 0.14 3.51 0.002 LL 144 
Arkansas Marion 5089 0.0000 0.13 3.00 0.002 LL 136 
Arkansas Mississippi 5093 0.1642 0.10 2.77 0.002 LL 164 
Arkansas Monroe 5095 0.0000 0.14 3.50 0.002 LL 152 
Arkansas Montgomery 5097 0.0000 0.14 3.28 0.002 LL 136 
Arkansas Nevada 5099 0.0000 0.14 3.49 0.002 LL 133 
Arkansas Newton 5101 0.0000 0.14 3.10 0.002 LL 128 
Arkansas Ouachita 5103 0.0000 0.14 3.40 0.002 LL 138 
Arkansas Perry 5105 0.0000 0.17 3.73 0.002 LL 133 
Arkansas Phillips 5107 0.0000 0.13 3.53 0.002 LL 157 
Arkansas Pike 5109 0.0000 0.14 3.13 0.002 LL 131 
Arkansas Poinsett 5111 0.4110 0.11 3.28 0.002 LL 162 
Arkansas Pope 5115 0.0000 0.15 3.48 0.002 LL 130 
Arkansas Prairie 5117 0.0000 0.15 4.07 0.002 LL 148 





Arkansas Randolph 5121 0.0000 0.12 2.97 0.002 LL 158 
Arkansas St. Francis 5123 0.0000 0.14 3.45 0.002 LL 159 
Arkansas Saline 5125 0.0000 0.15 3.59 0.002 LL 136 
Arkansas Searcy 5129 0.0000 0.14 3.31 0.002 LL 136 
Arkansas Sharp 5135 0.0000 0.12 3.20 0.002 LL 151 
Arkansas Stone 5137 0.0000 0.14 3.27 0.002 LL 140 
Arkansas Union 5139 0.3466 0.11 2.87 0.002 LL 143 
Arkansas Van Buren 5141 0.0000 0.16 3.76 0.002 LL 137 
Arkansas White 5145 0.0187 0.16 4.01 0.002 LL 145 
Arkansas Woodruff 5147 0.0000 0.14 3.82 0.002 LL 156 
Arkansas Yell 5149 0.0000 0.14 3.46 0.002 LL 131 
Illinois Alexander 17003 1.2184 0.03 1.77 0.008 LL 177 
Illinois Franklin 17055 1.2090 0.02 1.63 0.004 LL 181 
Illinois Jefferson 17081 0.7742 0.04 1.67 0.012 LL 182 
Illinois Pope 17151 0.0000 0.06 1.73 0.006 LL 188 
Illinois Pulaski 17153 0.0000 0.06 1.70 0.012 LL 180 
Illinois Randolph 17157 1.0882 0.03 1.48 0.012 LL 168 
Illinois Saline 17165 0.5846 0.05 1.86 0.004 LL 192 
Illinois Union 17181 2.0189 0.00 1.75 0.012 LL 180 
Illinois White 17193 1.5486 0.02 1.77 0.008 LL 199 
Indiana Vanderburgh 18163 0.8555 0.04 1.65 0.008 LL 214 
Kentucky Ballard 21007 1.5355 0.02 2.03 0.008 LL 183 
Kentucky Carlisle 21039 0.0000 0.07 1.87 0.002 LL 182 
Kentucky Christian 21047 1.6966 0.01 2.06 0.002 LL 212 
Kentucky Fulton 21075 1.4071 0.02 1.91 0.006 LL 180 
Kentucky Graves 21083 0.0000 0.07 2.04 0.002 LL 190 





Kentucky Hickman 21105 0.0000 0.07 1.92 0.002 LL 185 
Kentucky Hopkins 21107 0.1695 0.07 2.00 0.004 LL 212 
Kentucky Livingston 21139 0.0000 0.06 1.80 0.01 LL 193 
Kentucky McLean 21149 1.6192 0.02 2.25 0.002 LL 223 
Kentucky Marshall 21157 0.0000 0.07 2.07 0.002 LL 198 
Kentucky Todd 21219 0.4085 0.06 2.07 0.006 LL 215 
Kentucky Trigg 21221 0.0000 0.07 1.88 0.01 LL 205 
Kentucky Union 21225 0.3583 0.05 1.83 0.006 LL 207 
Kentucky Webster 21233 0.0000 0.07 2.00 0.004 LL 211 
Louisiana Claiborne 22027 1.0392 0.06 2.73 0.002 LL 137 
Louisiana Lincoln 22061 1.0503 0.06 2.66 0.002 LL 140 
Louisiana Madison 22065 1.0223 0.05 2.22 0.002 LL 156 
Louisiana Richland 22083 0.0000 0.10 2.53 0.002 LL 154 
Louisiana Union 22111 0.0000 0.12 3.34 0.002 LL 147 
Louisiana Webster 22119 0.0000 0.11 2.61 0.002 LL 133 
Louisiana West Carroll 22123 0.0000 0.11 2.68 0.002 LL 155 
Mississippi Alcorn 28003 0.7826 0.06 2.57 0.002 LL 174 
Mississippi Attala 28007 1.1863 0.05 2.72 0.002 LL 153 
Mississippi Benton 28009 1.6825 0.02 2.58 0.002 LL 161 
Mississippi Calhoun 28013 0.6873 0.08 2.82 0.002 LL 155 
Oklahoma Atoka 40005 1.2763 0.03 1.63 0.012 LL 125 
Oklahoma Bryan 40013 0.5846 0.05 1.42 0.012 LL 123 
Mississippi Chickasaw 28017 0.0000 0.10 2.53 0.002 LL 154 
Texas Trinity 48455 0.0000 0.08 1.75 0.006 LL 112 
Oklahoma Cherokee 40021 0.8885 0.05 2.04 0.004 LL 130 
Oklahoma Choctaw 40023 0.5416 0.07 2.22 0.002 LL 125 





Oklahoma Latimer 40077 1.0900 0.04 2.14 0.002 LL 130 
Oklahoma Le Flore 40079 1.1163 0.04 2.00 0.002 LL 132 
Oklahoma McCurtain 40089 0.4187 0.09 2.64 0.002 LL 130 
Oklahoma Pushmataha 40127 0.0000 0.08 1.82 0.002 LL 127 
Oklahoma Sequoyah 40135 1.7279 0.01 2.13 0.002 LL 129 
Texas Bowie 48037 0.8638 0.07 2.87 0.002 LL 129 
Texas Camp 48063 1.4861 0.03 2.21 0.002 LL 126 
Texas Cass 48067 1.2990 0.04 2.70 0.002 LL 129 
Texas Dallas 48113 1.3390 0.03 1.71 0.012 LL 122 
Texas Fannin 48147 1.3687 0.03 1.93 0.006 LL 121 
Texas Franklin 48159 1.4706 0.03 2.60 0.002 LL 128 
Texas Grayson 48181 0.9684 0.04 1.79 0.006 LL 121 
Texas Gregg 48183 1.7269 0.02 2.36 0.002 LL 126 
Texas Harrison 48203 0.2568 0.10 2.49 0.002 LL 125 
Texas Henderson 48213 0.2684 0.07 1.89 0.004 LL 123 
Texas Hopkins 48223 0.0574 0.09 2.28 0.002 LL 126 
Texas Kaufman 48257 1.0786 0.04 2.05 0.002 LL 122 
Texas Lamar 48277 1.0830 0.05 2.21 0.002 LL 125 
Texas Marion 48315 0.0000 0.10 2.44 0.002 LL 125 
Texas Morris 48343 0.9319 0.06 2.73 0.002 LL 129 
Texas Oldham 48359 0.0000 0.09 1.43 0.006 LL 66 
Texas Panola 48365 0.1737 0.10 2.28 0.002 LL 129 
Texas Rains 48379 0.0000 0.08 1.94 0.008 LL 125 
Texas Red River 48387 1.0708 0.05 2.47 0.002 LL 128 
Texas Rusk 48401 0.0000 0.09 2.04 0.002 LL 127 
Texas Smith 48423 1.4659 0.03 2.35 0.002 LL 127 





Texas Upshur 48459 0.2525 0.08 2.18 0.002 LL 127 
Texas Van Zandt 48467 0.5327 0.07 2.15 0.002 LL 124 
Texas Wood 48499 0.8690 0.05 2.16 0.002 LL 127 
Texas Tyler 48457 0.5754 0.06 1.77 0.004 LL 106 
Mississippi Choctaw 28019 1.8839 0.01 2.90 0.002 LL 155 
Texas Walker 48471 0.7573 0.05 1.63 0.006 LL 107 
Texas Waller 48473 0.8274 0.05 1.65 0.006 LL 92 
Texas Washington 48477 0.0000 0.08 1.65 0.008 LL 101 
Texas Willacy 48489 0.6776 0.09 1.25 0.008 LL 29 
Texas Williamson 48491 0.5328 0.05 1.54 0.012 LL 113 
Texas Zapata 48505 0.0000 0.13 1.31 0.004 LL 34 
Arkansas Benton 5007 0.0224 0.10 2.06 0.002 LL 126 
Arkansas Crawford 5033 0.2083 0.09 2.48 0.002 LL 131 
Arkansas Franklin 5047 0.3199 0.11 3.08 0.002 LL 130 
Arkansas Hempstead 5057 0.8578 0.07 2.74 0.002 LL 133 
Arkansas Howard 5061 0.0000 0.14 3.22 0.002 LL 129 
Arkansas Little River 5081 0.0000 0.13 3.20 0.002 LL 132 
Arkansas Logan 5083 0.5901 0.10 3.00 0.002 LL 132 
Arkansas Miller 5091 0.0000 0.11 2.69 0.002 LL 129 
Arkansas Polk 5113 0.2074 0.12 3.17 0.002 LL 135 
Arkansas Scott 5127 0.0000 0.13 2.93 0.002 LL 133 
Arkansas Sebastian 5131 0.4308 0.09 2.71 0.002 LL 131 
Arkansas Sevier 5133 0.0000 0.13 2.94 0.002 LL 132 
Arkansas Washington 5143 0.0000 0.11 2.45 0.002 LL 128 
Louisiana Caddo 22017 0.7777 0.07 2.62 0.002 LL 134 
Missouri Lawrence 29109 0.6488 0.05 1.93 0.004 LL 132 





Mississippi Coahoma 28027 0.0000 0.13 3.63 0.002 LL 156 
Louisiana De Soto 22031 1.2620 0.04 2.16 0.002 LL 135 
Texas Anderson 48001 0.2747 0.07 1.80 0.008 LL 123 
Texas Angelina 48005 1.3925 0.03 1.87 0.006 LL 115 
Texas Bexar 48029 1.4815 0.02 1.49 0.012 LL 85 
Texas Brazoria 48039 1.8117 0.01 1.46 0.01 LL 71 
Texas Burleson 48051 1.7450 0.01 1.64 0.006 LL 106 
Texas Cherokee 48073 1.3376 0.03 2.14 0.002 LL 126 
Texas Fayette 48149 1.6580 0.02 1.53 0.006 LL 99 
Texas Freestone 48161 1.4109 0.02 1.75 0.004 LL 124 
Texas Guadalupe 48187 0.0984 0.08 1.57 0.01 LL 94 
Texas Hardin 48199 1.8225 0.01 1.51 0.012 LL 91 
Texas Harris 48201 1.2357 0.03 1.40 0.012 LL 83 
Texas Jasper 48241 1.6426 0.02 1.70 0.008 LL 107 
Texas Jim Hogg 48247 0.0000 0.13 1.72 0.002 LL 36 
Texas Kenedy 48261 0.0000 0.13 1.63 0.002 LL 37 
Texas La Salle 48283 1.8608 0.01 1.48 0.01 LL 61 
Texas Lee 48287 0.8572 0.05 1.72 0.004 LL 107 
Texas Liberty 48291 0.3306 0.07 1.66 0.008 LL 83 
Texas Limestone 48293 0.3780 0.06 1.61 0.004 LL 121 
Texas Madison 48313 1.0680 0.04 1.67 0.006 LL 114 
Texas Montgomery 48339 1.4542 0.03 1.78 0.004 LL 94 
Texas Nacogdoches 48347 0.8139 0.06 1.96 0.002 LL 121 
Texas Polk 48373 1.1668 0.04 1.70 0.006 LL 104 
Texas Robertson 48395 0.0000 0.08 1.78 0.012 LL 119 
Texas Sabine 48403 0.6350 0.05 1.79 0.004 LL 124 





Texas Shelby 48419 0.0000 0.10 2.11 0.002 LL 127 
Mississippi DeSoto 28033 1.0794 0.06 3.17 0.002 LL 161 
Mississippi Grenada 28043 0.8103 0.07 2.85 0.002 LL 156 
Mississippi Hinds 28049 1.4784 0.03 2.30 0.004 LL 151 
Mississippi Holmes 28051 0.1735 0.10 2.59 0.002 LL 153 
Mississippi Humphreys 28053 0.0000 0.11 2.68 0.002 LL 157 
Mississippi Itawamba 28057 1.6155 0.02 2.44 0.002 LL 163 
Mississippi Lafayette 28071 1.2902 0.04 2.77 0.002 LL 160 
Mississippi Leake 28079 0.0000 0.09 2.25 0.002 LL 154 
Mississippi Lee 28081 1.4128 0.03 2.36 0.002 LL 161 
Mississippi Leflore 28083 0.0000 0.12 3.00 0.002 LL 153 
Mississippi Lowndes 28087 1.3992 0.03 2.23 0.002 LL 155 
Mississippi Madison 28089 1.7991 0.01 2.56 0.002 LL 155 
Mississippi Marshall 28093 0.0000 0.11 3.01 0.002 LL 166 
Mississippi Monroe 28095 0.3647 0.07 2.17 0.004 LL 156 
Mississippi Montgomery 28097 0.0000 0.11 2.91 0.002 LL 156 
Mississippi Neshoba 28099 0.1083 0.09 2.34 0.002 LL 153 
Mississippi Newton 28101 0.0000 0.09 2.24 0.002 LL 147 
Mississippi Panola 28107 1.1735 0.06 3.43 0.002 LL 162 
Mississippi Pontotoc 28115 0.4854 0.08 2.78 0.002 LL 157 
Mississippi Prentiss 28117 0.2954 0.08 2.52 0.002 LL 165 
Mississippi Quitman 28119 0.0000 0.13 3.27 0.002 LL 157 
Mississippi Rankin 28121 0.8472 0.05 2.18 0.002 LL 147 
Mississippi Scott 28123 0.4436 0.08 2.62 0.002 LL 151 
Mississippi Sharkey 28125 0.0000 0.10 2.70 0.002 LL 152 
Mississippi Sunflower 28133 0.2708 0.10 3.17 0.002 LL 158 





Mississippi Tate 28137 0.0000 0.12 3.06 0.002 LL 159 
Mississippi Tippah 28139 0.0000 0.11 2.78 0.002 LL 168 
Mississippi Tishomingo 28141 0.9789 0.04 2.17 0.002 LL 173 
Mississippi Tunica 28143 0.0000 0.14 3.47 0.002 LL 158 
Mississippi Union 28145 0.0000 0.10 2.68 0.002 LL 164 
Mississippi Warren 28149 0.7881 0.05 2.07 0.002 LL 154 
Mississippi Washington 28151 0.4108 0.09 2.70 0.002 LL 154 
Mississippi Webster 28155 0.0000 0.11 2.72 0.002 LL 155 
Mississippi Winston 28159 0.0000 0.10 2.54 0.002 LL 151 
Mississippi Yalobusha 28161 0.0000 0.11 3.11 0.002 LL 157 
Mississippi Yazoo 28163 0.0000 0.09 2.42 0.002 LL 155 
Missouri Bollinger 29017 1.7261 0.01 1.86 0.008 LL 168 
Missouri Butler 29023 1.6424 0.02 2.76 0.002 LL 167 
Missouri Cape 
Girardeau 
29031 2.0572 0.00 1.62 0.012 LL 172 
Missouri Carter 29035 0.0000 0.09 2.17 0.002 LL 160 
Missouri Douglas 29067 1.6405 0.02 2.51 0.002 LL 138 
Missouri Dunklin 29069 1.2301 0.04 2.76 0.002 LL 168 
Missouri Greene 29077 1.9105 0.01 2.07 0.002 LL 137 
Missouri Iron 29093 0.3182 0.06 1.84 0.002 LL 162 
Missouri Laclede 29105 0.0000 0.07 1.70 0.004 LL 142 
Missouri New Madrid 29143 0.3881 0.06 2.17 0.002 LL 174 
Missouri Oregon 29149 0.5112 0.08 2.44 0.002 LL 152 
Missouri Ozark 29153 0.9200 0.06 2.87 0.002 LL 136 
Missouri Pemiscot 29155 0.0000 0.11 2.65 0.002 LL 168 
Missouri Perry 29157 0.0000 0.07 1.84 0.01 LL 171 





Missouri Pulaski 29169 1.7541 0.01 1.56 0.008 LL 144 
Missouri Reynolds 29179 0.0000 0.08 2.10 0.002 LL 157 
Missouri Ripley 29181 0.3887 0.08 2.74 0.002 LL 162 
Missouri Scott 29201 0.0000 0.07 2.00 0.004 LL 176 
Missouri Shannon 29203 0.8831 0.06 2.65 0.002 LL 155 
Missouri Stoddard 29207 1.5544 0.02 2.13 0.006 LL 171 
Missouri Stone 29209 1.0764 0.05 2.26 0.004 LL 136 
Missouri Taney 29213 0.2067 0.09 2.23 0.002 LL 134 
Missouri Wayne 29223 0.0000 0.07 1.95 0.006 LL 166 
Missouri Webster 29225 0.2145 0.07 1.81 0.004 LL 139 
Missouri Wright 29229 0.4133 0.07 2.09 0.002 LL 140 
Tennessee Benton 47005 1.2961 0.03 2.22 0.002 LL 196 
Tennessee Chester 47023 2.0095 0.00 2.53 0.002 LL 181 
Tennessee Decatur 47039 1.6838 0.01 2.23 0.002 LL 192 
Tennessee Dickson 47043 1.7855 0.01 2.00 0.006 LL 204 
Tennessee Dyer 47045 0.2115 0.08 2.44 0.002 LL 172 
Tennessee Gibson 47053 0.2895 0.08 2.49 0.002 LL 179 
Tennessee Hardeman 47069 0.8561 0.06 2.65 0.002 LL 170 
Tennessee Hardin 47071 0.2452 0.06 2.00 0.006 LL 185 
Tennessee Henderson 47077 0.5656 0.06 2.39 0.002 LL 189 
Tennessee Henry 47079 1.0065 0.04 2.40 0.002 LL 195 
Tennessee Hickman 47081 0.9536 0.04 2.26 0.002 LL 198 
Tennessee Humphreys 47085 0.0000 0.07 2.02 0.004 LL 197 
Tennessee Lake 47095 0.0000 0.09 2.32 0.002 LL 171 
Tennessee Lauderdale 47097 0.0000 0.11 2.82 0.002 LL 171 
Tennessee Lawrence 47099 0.1119 0.07 2.04 0.002 LL 193 





Tennessee McNairy 47109 0.7411 0.06 2.57 0.002 LL 178 
Tennessee Madison 47113 0.0000 0.09 2.52 0.002 LL 180 
Tennessee Montgomery 47125 0.9092 0.04 1.98 0.002 LL 211 
Tennessee Obion 47131 1.1928 0.04 2.23 0.002 LL 182 
Tennessee Perry 47135 0.0000 0.07 1.94 0.004 LL 193 
Tennessee Stewart 47161 1.9012 0.01 1.97 0.002 LL 203 
Tennessee Tipton 47167 0.8061 0.07 3.09 0.002 LL 167 
Tennessee Wayne 47181 0.0000 0.08 2.18 0.004 LL 192 
Tennessee Weakley 47183 0.6064 0.06 2.26 0.002 LL 185 
Illinois Lawrence 17101 2.0086 0.00 1.75 0.008 LL 207 
Pennsylvan
ia 
Beaver 42007 2.0612 0.00 2.55 0.002 LL 128 
Pennsylvan
ia 
Butler 42019 0.9660 0.04 1.93 0.006 LL 120 
Pennsylvan
ia 
Fayette 42051 1.5380 0.02 1.98 0.004 LL 173 
Pennsylvan
ia 
Lawrence 42073 1.8185 0.01 2.18 0.004 LL 115 
Pennsylvan
ia 
Washington 42125 0.8853 0.05 2.04 0.002 LL 151 
Virginia Highland 51091 0.0000 0.06 1.94 0.002 LL 217 
West 
Virginia 
Barbour 54001 1.6320 0.02 2.13 0.004 LL 197 
West 
Virginia 
Grant 54023 1.9126 0.00 1.75 0.01 LL 197 
West 
Virginia 







Harrison 54033 0.9149 0.05 2.62 0.002 LL 187 
West 
Virginia 
Lewis 54041 0.0000 0.10 2.63 0.002 LL 200 
West 
Virginia 
Marion 54049 0.0000 0.08 2.32 0.002 LL 186 
West 
Virginia 
Monongalia 54061 0.0000 0.08 2.17 0.002 LL 186 
West 
Virginia 
Pendleton 54071 0.0000 0.06 1.80 0.008 LL 213 
West 
Virginia 
Pocahontas 54075 0.0000 0.08 2.55 0.002 LL 218 
West 
Virginia 
Preston 54077 0.0000 0.06 1.78 0.002 LL 190 
West 
Virginia 
Randolph 54083 0.8924 0.04 2.36 0.004 LL 204 
West 
Virginia 
Taylor 54091 0.0000 0.07 1.84 0.002 LL 193 
West 
Virginia 
Tucker 54093 0.0000 0.06 1.87 0.006 LL 199 
West 
Virginia 
Upshur 54097 0.0000 0.08 2.33 0.002 LL 197 
West 
Virginia 
Webster 54101 0.0000 0.10 2.89 0.002 LL 206 
Michigan Alcona 26001 0.0000 0.14 2.27 0.002 LL 51 
Michigan Alpena 26007 0.9270 0.09 2.12 0.002 LL 46 





Michigan Cheboygan 26031 1.6099 0.03 1.93 0.002 LL 45 
Michigan Chippewa 26033 0.7686 0.10 1.78 0.004 LL 26 
Michigan Crawford 26039 1.2777 0.06 2.50 0.002 LL 59 
Michigan Emmet 26047 0.0000 0.15 2.17 0.002 LL 45 
Michigan Grand 
Traverse 
26055 0.9170 0.06 1.67 0.004 LL 66 
Michigan Kalkaska 26079 0.0000 0.13 2.07 0.002 LL 62 
Michigan Leelanau 26089 0.0000 0.09 1.47 0.008 LL 63 
Michigan Luce 26095 0.0000 0.13 1.41 0.01 LL 30 
Michigan Mackinac 26097 0.0000 0.14 1.69 0.002 LL 35 
Michigan Montmorency 26119 0.9516 0.08 2.34 0.002 LL 48 
Michigan Oscoda 26135 0.0000 0.15 2.32 0.002 LL 56 
Michigan Otsego 26137 1.7407 0.02 2.26 0.002 LL 54 
Michigan Presque Isle 26141 1.2093 0.07 1.94 0.002 LL 41 
Indiana Steuben 18151 0.7686 0.05 1.71 0.002 LL 137 
Kentucky Fayette 21067 1.0861 0.04 2.37 0.002 LL 234 
Kentucky Franklin 21073 0.3553 0.06 2.12 0.002 LL 240 
Kentucky Jackson 21109 0.0000 0.07 2.07 0.004 LL 240 
Kentucky Larue 21123 0.0000 0.05 1.63 0.012 LL 248 
Kentucky Laurel 21125 0.0000 0.05 1.66 0.012 LL 246 
Kentucky Lincoln 21137 0.0000 0.07 2.17 0.004 LL 240 
Kentucky Logan 21141 1.1144 0.03 2.26 0.004 LL 221 
Kentucky Madison 21151 1.6502 0.02 2.51 0.002 LL 239 
Kentucky Mercer 21167 0.0000 0.07 2.25 0.002 LL 243 
Kentucky Monroe 21171 0.0000 0.05 1.73 0.012 LL 238 
Kentucky Montgomery 21173 0.0000 0.08 2.29 0.002 LL 235 





Kentucky Nicholas 21181 0.0000 0.07 2.29 0.002 LL 232 
Kentucky Pulaski 21199 1.1188 0.03 2.01 0.01 LL 244 
Kentucky Rockcastle 21203 0.0000 0.06 2.10 0.008 LL 243 
Kentucky Scott 21209 0.0000 0.07 2.06 0.004 LL 235 
Kentucky Spencer 21215 0.0000 0.06 1.75 0.012 LL 239 
Kentucky Taylor 21217 0.0000 0.05 1.70 0.012 LL 242 
Kentucky Washington 21229 0.0000 0.06 1.91 0.004 LL 242 
Kentucky Woodford 21239 0.0000 0.07 2.19 0.002 LL 238 
Tennessee DeKalb 47041 0.0000 0.06 1.88 0.002 LL 224 
Tennessee Maury 47119 0.0000 0.07 1.92 0.004 LL 207 
Tennessee Robertson 47147 0.9616 0.04 2.12 0.002 LL 218 
Tennessee Rutherford 47149 1.8553 0.01 2.06 0.006 LL 217 
Tennessee Sumner 47165 1.1529 0.03 2.32 0.002 LL 228 
Tennessee Warren 47177 0.0000 0.05 1.58 0.012 LL 223 
Tennessee Williamson 47187 0.7300 0.05 2.12 0.004 LL 208 
Tennessee Wilson 47189 0.0000 0.07 2.03 0.002 LL 224 
Kentucky Boyd 21019 1.2235 0.03 2.69 0.002 LL 233 
Kentucky Breathitt 21025 1.5934 0.01 2.12 0.002 LL 242 
Kentucky Carter 21043 0.8173 0.05 2.57 0.002 LL 234 
Kentucky Floyd 21071 0.5636 0.05 2.19 0.002 LL 240 
Kentucky Johnson 21115 1.0273 0.04 2.33 0.004 LL 232 
Kentucky Lawrence 21127 0.0000 0.08 2.45 0.002 LL 235 
Kentucky Lee 21129 0.0000 0.07 2.16 0.002 LL 241 
Kentucky Magoffin 21153 0.0000 0.08 2.45 0.002 LL 238 
Kentucky Martin 21159 0.0000 0.07 2.17 0.002 LL 235 
Kentucky Menifee 21165 0.0000 0.08 2.51 0.002 LL 236 





Kentucky Owsley 21189 0.0000 0.06 2.02 0.004 LL 243 
Kentucky Perry 21193 0.0000 0.06 1.78 0.012 LL 239 
Kentucky Powell 21197 0.0000 0.07 2.21 0.002 LL 240 
Kentucky Rowan 21205 0.0000 0.09 2.77 0.002 LL 238 
Kentucky Wolfe 21237 0.0000 0.08 2.54 0.002 LL 241 
Virginia Wythe 51197 1.0798 0.03 1.72 0.008 LL 216 
West 
Virginia 
Boone 54005 0.6973 0.05 2.67 0.002 LL 218 
West 
Virginia 
Fayette 54019 1.6749 0.02 2.94 0.002 LL 215 
West 
Virginia 
Kanawha 54039 0.7525 0.05 2.47 0.002 LL 218 
West 
Virginia 
Lincoln 54043 0.0000 0.08 2.51 0.002 LL 227 
West 
Virginia 
Logan 54045 0.0000 0.08 2.32 0.002 LL 227 
West 
Virginia 
Mercer 54055 1.2520 0.03 2.10 0.002 LL 219 
West 
Virginia 
Mingo 54059 0.1965 0.06 2.29 0.002 LL 228 
West 
Virginia 
Nicholas 54067 0.0000 0.08 2.46 0.002 LL 211 
West 
Virginia 
Raleigh 54081 0.0000 0.07 2.07 0.004 LL 221 
West 
Virginia 







Wayne 54099 0.0000 0.08 2.39 0.002 LL 233 
West 
Virginia 
Wyoming 54109 0.0000 0.06 1.89 0.008 LL 219 
Indiana Adams 18001 1.4349 0.02 2.02 0.004 LL 175 
Indiana Allen 18003 1.1976 0.03 1.71 0.006 LL 158 
Indiana DeKalb 18033 0.7063 0.05 1.90 0.008 LL 145 
Indiana Grant 18053 0.2102 0.07 2.11 0.002 LL 180 
Indiana Howard 18067 1.6121 0.02 1.83 0.006 LL 177 
Indiana Huntington 18069 1.2127 0.03 1.99 0.002 LL 167 
Indiana Kosciusko 18085 1.8704 0.01 1.65 0.01 LL 148 
Indiana LaGrange 18087 1.2553 0.03 1.64 0.01 LL 140 
Indiana Miami 18103 0.3306 0.06 1.78 0.006 LL 165 
Indiana Putnam 18133 0.0000 0.06 1.74 0.006 LL 196 
Indiana Switzerland 18155 0.0000 0.06 1.83 0.008 LL 234 
Indiana Tipton 18159 0.2974 0.06 1.83 0.01 LL 184 
Indiana Wells 18179 0.0000 0.07 1.85 0.004 LL 172 
Kentucky Bracken 21023 1.1558 0.03 2.30 0.002 LL 232 
Kentucky Gallatin 21077 0.0000 0.06 1.85 0.006 LL 233 
Kentucky Grant 21081 0.2152 0.06 2.03 0.004 LL 232 
Kentucky Harrison 21097 0.0000 0.07 2.19 0.002 LL 233 
Kentucky Kenton 21117 0.7011 0.04 1.96 0.004 LL 226 
Kentucky Lewis 21135 0.0000 0.08 2.41 0.002 LL 229 
Kentucky Mason 21161 0.0000 0.08 2.68 0.002 LL 228 
Kentucky Owen 21187 0.7206 0.04 2.11 0.002 LL 235 
Kentucky Pendleton 21191 0.0000 0.07 2.33 0.002 LL 233 





Michigan Arenac 26011 0.7092 0.09 2.30 0.002 LL 62 
Michigan Barry 26015 1.1025 0.04 1.90 0.004 LL 115 
Michigan Bay 26017 1.6415 0.03 2.31 0.002 LL 70 
Michigan Branch 26023 1.5581 0.02 1.95 0.004 LL 133 
Michigan Calhoun 26025 1.2011 0.04 2.15 0.002 LL 120 
Michigan Clare 26035 1.6517 0.03 2.12 0.002 LL 69 
Michigan Eaton 26045 0.8849 0.06 2.09 0.002 LL 106 
Michigan Genesee 26049 0.8717 0.07 2.60 0.002 LL 88 
Michigan Gladwin 26051 0.0000 0.14 2.10 0.002 LL 66 
Michigan Gratiot 26057 0.6871 0.09 2.38 0.002 LL 84 
Michigan Hillsdale 26059 0.9950 0.04 1.94 0.002 LL 130 
Michigan Huron 26063 1.6092 0.03 2.04 0.002 LL 54 
Michigan Ingham 26065 1.0428 0.06 2.40 0.002 LL 105 
Michigan Iosco 26069 0.2679 0.12 2.30 0.002 LL 58 
Michigan Isabella 26073 1.0475 0.06 2.42 0.002 LL 80 
Michigan Jackson 26075 1.4657 0.03 2.13 0.002 LL 116 
Michigan Kalamazoo 26077 1.4242 0.02 1.59 0.01 LL 125 
Michigan Kent 26081 1.1524 0.05 2.13 0.002 LL 107 
Michigan Lake 26085 0.7217 0.06 1.69 0.008 LL 82 
Michigan Lapeer 26087 0.8539 0.07 2.29 0.002 LL 79 
Michigan Lenawee 26091 1.8165 0.01 1.92 0.004 LL 125 
Michigan Livingston 26093 1.2353 0.05 2.53 0.002 LL 100 
Michigan Macomb 26099 0.6886 0.08 2.28 0.002 LL 85 
Michigan Midland 26111 0.3405 0.11 2.46 0.002 LL 73 
Michigan Missaukee 26113 0.9101 0.08 2.04 0.002 LL 68 
Michigan Monroe 26115 1.5778 0.02 1.91 0.002 LL 120 





Michigan Newaygo 26123 0.0000 0.08 1.61 0.006 LL 93 
Michigan Oakland 26125 1.0660 0.06 2.20 0.002 LL 93 
Michigan Ogemaw 26129 0.0000 0.14 2.30 0.002 LL 60 
Michigan Osceola 26133 0.0000 0.11 1.81 0.002 LL 75 
Michigan Roscommon 26143 0.8815 0.08 2.42 0.002 LL 63 
Michigan Saginaw 26145 1.0441 0.07 2.53 0.002 LL 81 
Michigan St. Clair 26147 0.8848 0.06 1.78 0.002 LL 73 
Michigan Sanilac 26151 0.9516 0.07 2.00 0.002 LL 62 
Michigan Shiawassee 26155 0.0000 0.12 2.44 0.002 LL 92 
Michigan Tuscola 26157 0.0000 0.13 2.18 0.002 LL 73 
Michigan Washtenaw 26161 1.5991 0.02 2.18 0.002 LL 113 
Michigan Wayne 26163 0.4763 0.08 2.05 0.002 LL 103 
Michigan Wexford 26165 0.0000 0.11 1.86 0.004 LL 75 
Ohio Adams 39001 0.0000 0.08 2.41 0.002 LL 227 
Ohio Athens 39009 1.2817 0.03 2.22 0.004 LL 199 
Ohio Butler 39017 1.9167 0.00 1.88 0.008 LL 226 
Ohio Columbiana 39029 2.0363 0.00 2.12 0.002 LL 126 
Ohio Cuyahoga 39035 1.0171 0.05 2.03 0.002 LL 114 
Ohio Defiance 39039 1.5030 0.02 2.03 0.002 LL 144 
Ohio Erie 39043 1.7649 0.01 2.00 0.002 LL 132 
Ohio Fayette 39047 1.0623 0.03 2.02 0.006 LL 216 
Ohio Franklin 39049 1.2566 0.03 2.09 0.002 LL 201 
Ohio Fulton 39051 1.5380 0.02 1.98 0.002 LL 138 
Ohio Gallia 39053 0.5510 0.06 2.53 0.002 LL 219 
Ohio Guernsey 39059 0.7568 0.07 2.72 0.002 LL 158 
Ohio Hamilton 39061 0.9902 0.03 1.99 0.006 LL 223 





Ohio Hardin 39065 1.6010 0.02 2.39 0.002 LL 174 
Ohio Harrison 39067 0.8448 0.06 2.33 0.002 LL 142 
Ohio Henry 39069 0.0000 0.08 1.94 0.004 LL 145 
Ohio Highland 39071 0.0000 0.08 2.67 0.002 LL 226 
Ohio Hocking 39073 0.3589 0.07 2.38 0.002 LL 201 
Ohio Holmes 39075 0.1873 0.09 2.32 0.002 LL 148 
Ohio Huron 39077 0.5338 0.07 2.12 0.002 LL 136 
Ohio Jefferson 39081 0.5857 0.08 2.61 0.002 LL 141 
Ohio Knox 39083 1.5035 0.03 2.56 0.002 LL 165 
Ohio Lawrence 39087 1.8301 0.01 2.52 0.002 LL 230 
Ohio Licking 39089 0.9127 0.04 1.88 0.01 LL 180 
Ohio Lucas 39095 1.1524 0.04 2.10 0.004 LL 135 
Ohio Madison 39097 0.8031 0.04 1.86 0.008 LL 207 
Ohio Mahoning 39099 1.3492 0.03 2.08 0.002 LL 119 
Ohio Marion 39101 0.0000 0.10 2.91 0.002 LL 174 
Ohio Medina 39103 0.8991 0.05 2.06 0.004 LL 130 
Ohio Meigs 39105 1.1236 0.04 2.41 0.002 LL 209 
Ohio Monroe 39111 0.0000 0.11 2.86 0.002 LL 173 
Ohio Morgan 39115 0.6717 0.05 2.17 0.004 LL 182 
Ohio Muskingum 39119 0.2817 0.09 2.76 0.002 LL 174 
Ohio Noble 39121 0.0000 0.11 2.85 0.002 LL 171 
Ohio Ottawa 39123 1.4766 0.02 2.02 0.002 LL 131 
Ohio Paulding 39125 0.4215 0.06 1.88 0.004 LL 158 
Ohio Perry 39127 0.5327 0.06 2.16 0.004 LL 187 
Ohio Pickaway 39129 0.4750 0.06 2.11 0.006 LL 212 
Ohio Pike 39131 0.3685 0.07 2.51 0.002 LL 223 





Ohio Richland 39139 0.1178 0.09 2.44 0.002 LL 153 
Ohio Ross 39141 0.0000 0.08 2.46 0.002 LL 219 
Ohio Sandusky 39143 0.5087 0.07 2.26 0.002 LL 135 
Ohio Scioto 39145 0.9492 0.05 2.74 0.002 LL 225 
Ohio Seneca 39147 1.2406 0.04 1.99 0.002 LL 142 
Ohio Stark 39151 0.9801 0.05 2.13 0.004 LL 135 
Ohio Summit 39153 0.6363 0.06 1.90 0.002 LL 124 
Ohio Trumbull 39155 0.5816 0.06 1.70 0.01 LL 107 
Ohio Tuscarawas 39157 0.3503 0.08 2.39 0.002 LL 142 
Ohio Union 39159 0.0000 0.06 1.72 0.01 LL 189 
Ohio Van Wert 39161 0.3550 0.07 2.11 0.002 LL 170 
Ohio Vinton 39163 0.0000 0.08 2.40 0.002 LL 209 
Ohio Warren 39165 0.9442 0.04 1.99 0.002 LL 226 
Ohio Washington 39167 0.9909 0.06 3.06 0.002 LL 188 
Ohio Wayne 39169 0.8190 0.06 2.15 0.002 LL 136 
Ohio Williams 39171 0.0000 0.08 2.02 0.006 LL 139 
Ohio Wood 39173 1.4064 0.03 2.36 0.002 LL 142 
Ohio Wyandot 39175 0.7222 0.06 2.39 0.002 LL 166 
West 
Virginia 
Braxton 54007 0.0000 0.10 2.85 0.002 LL 203 
West 
Virginia 
Cabell 54011 0.9062 0.05 2.72 0.002 LL 225 
West 
Virginia 
Clay 54015 0.0000 0.11 3.15 0.002 LL 210 
West 
Virginia 







Gilmer 54021 0.0000 0.09 2.73 0.002 LL 201 
West 
Virginia 
Jackson 54035 0.5822 0.06 2.29 0.002 LL 212 
West 
Virginia 
Marshall 54051 0.9607 0.06 2.72 0.002 LL 165 
West 
Virginia 
Mason 54053 1.0453 0.04 2.48 0.002 LL 216 
West 
Virginia 
Ohio 54069 0.0000 0.10 2.45 0.002 LL 155 
West 
Virginia 
Pleasants 54073 0.0000 0.11 2.93 0.002 LL 189 
West 
Virginia 
Putnam 54079 0.0764 0.08 2.55 0.002 LL 222 
West 
Virginia 
Ritchie 54085 0.0000 0.10 2.72 0.002 LL 194 
West 
Virginia 
Roane 54087 0.0000 0.08 2.16 0.004 LL 208 
West 
Virginia 
Tyler 54095 1.3923 0.03 2.85 0.002 LL 188 
West 
Virginia 
Wetzel 54103 0.0000 0.10 2.76 0.002 LL 176 
West 
Virginia 
Wirt 54105 0.0000 0.08 2.17 0.002 LL 202 
West 
Virginia 
Wood 54107 0.6506 0.06 2.34 0.002 LL 199 





Virginia Craig 51045 0.0000 0.07 2.10 0.004 LL 220 
Virginia Roanoke 
County 
51161 1.0760 0.03 1.79 0.002 LL 221 
Virginia Rockbridge 51163 0.5568 0.04 1.76 0.008 LL 225 
Virginia Buena Vista 51530 0.0000 0.06 1.75 0.012 LL 229 
Virginia Covington 51580 0.0000 0.06 1.93 0.004 LL 224 
Virginia Lexington 51678 0.0000 0.06 1.81 0.008 LL 228 
Virginia Roanoke City 51770 0.0000 0.06 1.93 0.006 LL 223 
Virginia Salem 51775 0.0000 0.06 1.81 0.008 LL 220 
West 
Virginia 
Greenbrier 54025 1.9550 0.00 2.28 0.002 LL 216 
West 
Virginia 
Monroe 54063 0.0000 0.07 2.16 0.002 LL 214 
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